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Abstract
Expansion of groundwater-fed irrigation has enhanced agricultural productivity, while simul-
taneously causing large reductions in groundwater storage. Hydro-economic modelling provides
a valuable tool for evaluating trade-offs between agriculture and aquifer sustainability. However,
a central argument in this thesis is that the reliability of integrated analysis of groundwater
systems may be affected by the failure to consider adequately the variables influencing field-level
irrigation decisions and the dynamic aquifer responses to those choices. This thesis addresses
this limitation of existing research through three main contributions to the literature.
In Chapter 2, a new model of farmers’ individual field-level groundwater-fed irrigation decision
making is developed. Innovations include the explicit consideration of the role of soil moisture
in intraseasonal irrigation scheduling, and evaluation of the impacts of weather variability and
well yield on crop production. Application to a case study in the High Plains region of the
United States demonstrates that low well yields limit significantly irrigated area and demand
for groundwater. Furthermore, it is shown that this important behavioural response can not be
captured by existing models that do not consider instantaneous supply constraints imposed by
well yield.
In Chapter 3, a combination of empirical analysis of observation data, and numerical simu-
lations using the model developed in Chapter 2, are conducted to generate insights about the
feedbacks between groundwater and agriculture. Reductions in well yield are shown to have large
negative impacts on the productivity of irrigation whereas, contrary to previous assumptions, the
response of irrigation behaviour to increased groundwater pumping lifts is found to be minimal.
Importantly, this result highlights the need for integrated models to consider a broader range of
factors influencing the sustainability of agricultural groundwater use.
In Chapter 4, a novel hydro-economic modelling framework is presented that integrates the
model of farmers’ individual irrigation decision making with a distributed multi-scale groundwa-
ter flow model. The model extends the scope of existing research by using pump head-capacity
curves to quantify the effect of changing aquifer storage on well yields. Advantages of the
modelling framework for policy analysis in coupled agricultural groundwater systems are demon-
strated. Specifically, it is shown that the long-term sustainability of irrigated agriculture is
influenced by intraseasonal and interannual changes in well yield that depend on famers’ pump
choice and expectations about future dynamic aquifer responses. Moreover, the model demon-
strates that managing the rate of well yield decline may have positive long-term impacts on both
agricultural production and farmer welfare that have not been recognised in previous research.
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Notation
a Subscript denoting size of irrigated area
A Irrigated area [L2]
Ac Groundwater model cell area [L2]
ceng Variable irrigation energy costs [ $ L−3]
cfxd Fixed costs [ $ L−2]
chrv Variable cost of crop harvesting [ $ M−1]
cint Variable irrigation interest costs [ $ L−3]
clab Variable irrigation labour costs [ $ L−3]
cown Variable irrigation system ownership costs [ $ L−3]
crm Variable irrigation system repair and maintenance costs [ $ L−3]
crm,irr Variable irrigation repair and maintenance costs per unit of operating time [ $ T−1]
cwat Variable irrigation water costs [ $ L−3]
C Well yield [L3 T−1]
C˜ Well yield adjusted for anticipated drawdown [L3 T−1]
Creg Registered well yield in the Nebraska Groundwater Wells Database (m3 day−1)
CE Certainty equivalent [ $ T−1]
d Subscript denoting day of the growing season
df Factor defining proportion of historic intraseasonal drawdown that is anticipated (−)
D Anticipated intraseasonal water level drawdown [L T−1]
Dm Maximum intraseasonal water level drawdown [L T−1]
ef Energy factor [L3 L−1]
ET Seasonal evapotranspiration [L T−1]
ETp Potential seasonal evapotranspiration [L T−1]
g Daily volumetric groundwater pumping for irrigation [L3 T−1]
G Seasonal/annual volumetric groundwater pumping for irrigation [L3 T−1]
h Hydraulic head [L]
i Subscript denoting year of the stochastic crop-water production function
IR Interest rate [%]
j Subscript denoting size of soil moisture target
ky Crop yield response factor (−)
K Hydraulic conductivity [L T−1]
lf Labour factor (−)
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L Total dynamic head [L]
L˜ Total dynamic head adjusted for anticipated drawdown [L]
M Soil moisture target (−)
n Number of days in the growing season
N Number of simulation years
NPV Net present value [ $ T−1]
pcrp Crop price [ $ M−1]
peng Energy price [ $ L−3]
plab Labour price [ $ T−1]
pf Pressure conversion factor [−]
P Operating pressure of the irrigation system [M L−1 T−2]
Pfrc Operating pressure losses in the irrigation system due to friction effects [M L−1 T−2]
q Specific discharge [L T−1]
Q Source/sink term [L3 T−1] or [T−1]
r Radial coordinate [L]
RP Risk premium [ $ T−1]
S Storativity (−)
Ss Specific storage coefficient (L−1)
t Subscript denoting year of integrated simulation period
V Regulatory limit on seasonal/annual groundwater abstraction for irrigation [L3 T−1]
w Daily per-area applied irrigation depth [L T−1]
wmax Maximum daily per-area applied irrigation depth [L T−1]
W Seasonal/annual total per-area applied irrigation depth [L T−1]
x x coordinate [L]
y y coordinate [L]
Y Crop yield [M L−2]
Y p Potential crop yield [M L−2]
z z coordinate [L]
Zdis Elevation of the irrigation system discharge point [L]
Zrz Depth of the crop root zone [L]
0 Subscript denoting initial value
β Forchheimer coefficient [L−1 T]
γ Arrow-Pratt coefficient of relative risk aversion (−)
λ Discount rate (−)
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Ω Time series of daily weather values (−)
pi Profit [ $ T−1]
σ2 Variance (−)
θ Circumferential coordinate (−)
Θfc Water content at field capacity [L3 L−3]
Θwp Water content at permanent wilting point [L3 L−3]
Θrz Root zone water content [L3 L−3]
∗ Superscript denoting maximised/optimised value
20
Chapter 1
Introduction
This chapter begins by providing an overview of the use of groundwater for irrigation and asso-
ciated issues of aquifer depletion. The role of hydro-economic models as a tool for groundwater
management is then introduced. The chapter concludes with a statement of the research objec-
tives, motivated by hypothesised limitations of existing hydro-economic research, and an outline
of the contents of the thesis.
1.1 Context
Groundwater is a strategically important natural resource for irrigated agriculture and underpins
global food security. It provides a reliable, high quality, and accessible source of freshwater
that enables farmers to mitigate against the potential risks from climate variability and achieve
higher agricultural productivity than could be obtained from rainfed production (FAO, 2007).
The expansion of irrigated agriculture since the mid-twentieth century, from 139 million ha in
1961 to 301 million ha in 2009, has been driven largely by increased exploitation of groundwater
resources (FAO, 2011). Currently, global groundwater abstractions are estimated to be between
500 and 1000 km3 yr-1 (Siebert et al., 2010; Wada et al., 2010; Döll et al., 2012; Margat and
van der Gun, 2013; Döll et al., 2014). In many regions, particularly semi-arid and arid parts
of the world, groundwater is the primary or sole source of irrigation water supply and supports
crop and food production with an estimated economic value of around $210-230 billion yr-1 (Shah
et al., 2007).
However, the development of groundwater resources has also led to aquifer depletion where
pumping rates have exceeded natural aquifer replenishment through recharge. Data from net-
works of observation wells and gravity measurements from the Gravity Recovery and Climate
Experiment (GRACE) satellites have shown that groundwater development has lowered water ta-
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bles and reduced aquifer storage volumes in many locations around the world (Aeschbach-Hertig
and Gleeson, 2012). Affected regions include major agricultural production centres such as the
Indo-Gangetic Plain (Rodell et al., 2009; Tiwari et al., 2009), the North China Plain (Liu et al.,
2008; Chen, 2010), the Middle East (Voss et al., 2013), and the Californian Central Valley and
High Plains in the United States (Famiglietti et al., 2011; Scanlon et al., 2012; Breña-Naranjo
et al., 2014; Konikow, 2015).
Groundwater depletion has many negative consequences. In the High Plains Aquifer in the
United States, which will be used as the case study for the research presented in this thesis, total
aquifer storage has declined by approximately 300 km3 since 1950 due to rapid expansion of
groundwater-fed irrigation, with localised water-level declines of greater than 30 m in some parts
of the states of Texas and Kansas (McGuire et al., 2012; Scanlon et al., 2012; McGuire, 2014).
Irrigated agriculture has been negatively affected by increased pumping costs and declining well
pumping capacities, and there is substantial concern about the consequences for rural economies
of a future transition from irrigated to dryland production (Sophocleous, 2005; Steward et al.,
2013). Drawdown of groundwater levels has also depleted streamflow in a number of river basins
leading to ecosystem degradation and inter-state conflict over water resources (Szilagyi, 1999;
Kustu et al., 2010). Moreover, such impacts are not limited to the High Plains Aquifer, and have
been widely reported in many other regions along with other negative impacts such as irreversible
land subsidence and the reduction in groundwater quality of coastal aquifers due to saltwater
intrusion (Konikow and Kendy, 2005; Giordano, 2009).
Future increases in food demands due to population growth and changing dietary preferences
are likely to lead to increasing pressure to exploit groundwater resources for irrigation (FAO,
2009). Climate change may also exacerbate demands for groundwater, but its impacts are chal-
lenging to predict accurately. Estimates of future recharge rates vary greatly due to uncertainty
in the projections of precipitation from global climate models (GCM’s), the methods used to
downscale these projections, and the hydrological models used to estimate groundwater recharge
(Aeschbach-Hertig and Gleeson, 2012; Taylor et al., 2013). Similarly, while it is expected that
climate change will increase irrigation requirements due to higher evaporative demands, projec-
tions of irrigation demand are also sensitive to uncertainty in hydrological models and GCM
precipitation projections (Döll and Siebert, 2002; Wada et al., 2013). Furthermore, future irri-
gation water demand may be influenced by carbon dioxide (CO2) fertilisation effects on water
use efficiency that may counteract some of the increases in irrigation water demand as a result
of higher potential evapotranspiration rates (Wada et al., 2013; Elliott et al., 2014). However,
in practice, the effectiveness of the CO2 fertilisation effect will be complex and also will depend
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on subsequent feedbacks with land use change, for example if farmers choose to switch to slower
maturing crop varieties, that have yet to be considered adequately in model projections.
1.2 Hydro-economic modelling and groundwater management
It is clear from an examination of the magnitude of groundwater depletion and its implications
for food and water security that there is an urgent need for the development and implementation
of more sustainable groundwater management strategies in many parts of the world. Achieving
sustainability will necessitate interdisciplinary approaches that consider not only the hydrological
requirement to reduce consumptive irrigation use, but also the importance of socio-economic and
climatic factors underlying groundwater use decisions in irrigated agriculture. Hydro-economic
models, which integrate biophysical, social, and economic components of the water resource
system in a coherent numerical framework (Brouwer and Hofkes, 2008; Harou et al., 2009), have
the potential to be powerful tools for groundwater management. In particular, hydro-economic
models offer a mechanism to improve understanding of the feedbacks and interactions between
the natural and social components of groundwater systems. Consequently, these models can
provide valuable insights into the effectiveness of different groundwater management policies
and help identify solutions that address the competing needs of hydrological and agricultural
production systems.
Published examples of the application of hydro-economic models to the management of
groundwater-fed irrigation are diverse and numerous. Integrated hydro-economic models have
been most commonly used to predict and compare the co-evolution of groundwater use, agricul-
tural productivity, and aquifer storage under different policies, such as abstraction caps (Steward
et al., 2009; Bulatewicz et al., 2010; Varela-Ortega et al., 2011; Steward et al., 2013), taxing or
pricing of water or energy (Brown and Rogers, 2006; Mulligan et al., 2014), technological im-
provements in irrigation efficiency (Peterson and Ding, 2005; Ward and Pulido-Velazquez, 2008),
or the use of market-based groundwater trading schemes (Thompson et al., 2009; Kuwayama
and Brozović, 2013; Palazzo and Brozović, 2014). Several studies have also explored the man-
agement of groundwater in the context of wider river basin planning (Cai et al., 2003), often with
regard to the benefits of optimal conjunctive use of groundwater and surface water resources for
increasing resilience to drought and water scarcity (Pulido-Velázquez et al., 2006; Schoups et al.,
2006; Harou and Lund, 2008; Maneta et al., 2009). Finally, there is also an extensive economic
literature that, for many decades, has used hydro-economic models to evaluate the difference in
welfare gains between competitive and socially optimal extraction of common-pool groundwater
resources (Koundouri, 2004). Recent work in this area has attempted to quantify the impacts
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of various characteristics of groundwater-fed irrigation systems on the value of groundwater
management, including the degree of cooperation between resource users (Madani and Dinar,
2012a,b) and the spatial heterogeneity in resource users and aquifer properties (Brozović et al.,
2010; Athanassoglou et al., 2012; Saak and Peterson, 2012).
Despite considerable research devoted to the numerical analysis of groundwater management,
there remains an ongoing challenge to improve the relevance of existing hydro-economic modelling
frameworks for real-world policy analysis. A key limitation of existing models is that important
physical, economic, and social processes that occur at local scales within the coupled agricultural
groundwater system often are spatially and temporally aggregated in order to maintain computa-
tional efficiency (Harou et al., 2009). In particular, most hydro-economic models do not consider
a number of potentially significant variables that underlie farm-level groundwater use decision
making and the dynamic, localised response of the hydrogeological system to those choices.
Commonly, irrigation decisions are modelled in terms of the selection of an optimal (e.g. profit-
or utility-maximising) total depth of irrigation to be applied during the growing season. The
intraseasonal heuristics influencing irrigation scheduling, such as management of soil moisture
(Jones, 2004; Steduto et al., 2009), and the instantaneous constraints on groundwater availability
imposed by well pumping capacity (O’Brien et al., 2001; Peterson and Ding, 2005; Lamm et al.,
2007), therefore typically have been neglected in previous analysis. Furthermore, feedbacks be-
tween the groundwater system and agricultural production decisions are defined mathermitcally
in terms of changes in water table depth and economic pumping costs (Koundouri, 2004). Other
hydrogeological responses to groundwater depletion that are believed to be significant drivers of
observed irrigation practices, such as the non-linear relationship between well pumping capacity
and aquifer saturated thickness (Hecox et al., 2002), have not been considered and may not be
easily represented using lumped models of aquifer dynamics that commonly are used in hydro-
economic analysis (Brozović et al., 2010). There is a need to evaluate how omission of important
decision variables, such as well yield and soil moisture, affects the ability of hydro-economic
models to predict reliably individual water use decision making and the resultant trajectory and
sustainability of the wider coupled agricultural groundwater system. Moreover, if these factors
are found to be significant determinants of model performance, new approaches will be required
to integrate such variables and feedbacks into an improved hydro-economic modelling framework
for analysis of integrated agricultural groundwater systems.
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1.3 Research objectives
The overall aim of this thesis is to develop a new integrated framework for hydro-economic
modelling of agricultural groundwater systems, which extends the scope of existing models to
capture more realistically farmers’ individual groundwater use decision making and the dynamic
localised feedbacks with the hydrological system. This aim will be addressed through five main
objectives:
1. Develop a model of individual farmer irrigation decision making that incorporates the
parameters that influence field-level groundwater use choices, but that previously have
been omitted in hydro-economic analysis.
2. Use the developed model to assess the impacts of variable groundwater supply on optimal
field-level irrigation behaviour and profitability, and compare the results to those predicted
using existing hydro-economic models of irrigation water demand.
3. Evaluate the importance of different hydrogeological parameters for determining feedbacks
between groundwater and agricultural production.
4. Formulate a hydro-economic framework that integrates the developed model of field-level
irrigation decision making with a groundwater flow model based on the identified feedbacks.
5. Apply the integrated hydro-economic model to generate new insights about the dynamic
co-evolution of the groundwater system and agricultural production over time.
1.4 Thesis outline
This thesis consists of five main chapters as described below. This chapter describes the context
of the thesis and defines the research objectives.
Chapter 2 reviews the current state-of-the-art in hydro-economic modelling of groundwater-
fed irrigation water demand. Considering the identified limitations, a new model of farmers’
optimal field-level irrigation decision making is then formulated. The developed model is applied
to a case study of irrigated corn production in the Texas High Plains region of the United
States to assess changes in field-level irrigation behaviour, profitability, and production risk in
response to groundwater supply restrictions. The results are compared with those obtained
using existing hydro-economic modelling approaches, and limitations of the developed model
highlighted. Finally, implications for groundwater management are discussed.
In Chapter 3 the potential feedbacks between the groundwater system and agricultural pro-
duction are evaluated. First, the literature describing the importance of groundwater pumping
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lift and well yield for irrigation decision making is reviewed. Subsequently, empirical analysis
of observation data and numerical simulations, using the model developed in Chapter 2, are
conducted for case studies in the Republican River Basin in Nebraska, United States, to com-
pare the impacts of changes in well yield and groundwater depth on agricultural production.
The findings obtained are used to inform the development of a new integrated hydro-economic
modelling framework in the subsequent chapter.
Chapter 4 begins by providing an overview of the different methods used to represent aquifer
dynamics in integrated hydro-economic models. On the basis of this review and the results
obtained in previous chapters, the developed model of individual irrigation decision making is
integrated in a spatially-explicit framework with a physically-based distributed groundwater flow
model. The integrated hydro-economic modelling framework is used to analyse the dynamic co-
evolution of aquifer conditions and agricultural production for a number of hypothetical scenarios,
generating insights into the factors that affect the future trajectory and sustainability of coupled
agricultural groundwater systems.
Finally, in Chapter 5, the findings and contributions to knowledge presented in this thesis
are discussed in the context of the previously defined research objectives, and recommendations
for future model developments and applications are made.
Following the main body of the thesis, a bibliography is provided along with an appendix
that describes the recoding of the biophysical crop simulation model, AquaCrop, that is used to
simulate crop yield response to irrigation in this thesis.
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Chapter 2
Modelling irrigation decision making in
groundwater systems
A core component of any hydro-economic model is the representation of economic water demands.
Given the extensive use of groundwater for irrigation, the ability of hydro-economic models to
guide and improve groundwater management therefore depends heavily on the accuracy of the
methods used to predict agricultural water demand. In particular, for hydro-economic models
to be representative of real-world groundwater systems, it is important that models capture the
structure and variables which govern farmers’ actual individual groundwater use decisions.
This chapter begins with a review of the methods used to predict agricultural water demand
in hydro-economic models, and highlights the potential limitations of existing approaches. A
new model for predicting groundwater-fed irrigation decision making is then introduced that in-
corporates explicitly the biophysical and hydrogeological parameters that control farmers’ actual
field-level groundwater use choices, but which are often neglected in existing representations of
agricultural water demand in integrated hydro-economic analysis. Application of the model to a
case study of centre-pivot irrigated corn production in the Texas High Plains, United States, is
used to evaluate optimal irrigation decision making under variable groundwater supply, and to
quantify the limits of existing models for predicting land and groundwater use decisions by farm-
ers. This analysis provides unique insights into the interactions between changing groundwater
availability and irrigated agricultural production.
The material presented in this chapter is adapted from work presented in Foster, T., Brozović,
N., and Butler, A. P. (2014). Modeling irrigation behavior in groundwater systems. Water
Resources Research, 50(8):6370–6389. doi:10.1002/2014WR015620.
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2.1 Literature review
Agricultural water demand typically is calculated in hydro-economic models using two compo-
nents. First, a crop-water production function is specified that defines the relationship between
irrigation water inputs and crop yield outputs for given biophysical and climatic conditions. Sec-
ond, a model of decision making is used to calculate demand for irrigation water, given economic
values for inputs and outputs (e.g., crop and water prices), constraints on production decisions
(e.g., land area or abstraction limits), and expectations about irrigation water requirements as
described in the crop-water production function. In this section, the methods used to represent
both the crop-water production function and farmers’ production decision making are reviewed.
2.1.1 Crop-water production functions
The crop-water production function provides the key link between agricultural production and
the hydrological system in integrated hydro-economic models. A number of approaches can be
used to derive the crop-water production function (Vaux and Pruitt, 1983; McKinney et al.,
1999; Young, 2005), and each method is discussed in turn below.
One of the simplest methods to derive the crop-water production function is using evapotran-
spiration models. The relationship between actual evapotranspiration and crop yield is known to
be approximately linear (Doorenbos and Kassam, 1979; Fereres and Soriano, 2007). Doorenbos
and Kassam (1979) formulate the standard evapotranspiration model as a function that describes
expected relative crop yield (i.e., the ratio of actual crop yield, Y , to the potential crop yield
obtained under non-water limiting conditions, Y p) as a linear function of relative seasonal evap-
otranspiration (i.e., the ratio of actual evapotranspiration, ET , to potential evapotranspiration,
ETp) as shown in Equation 2.1. In the model, the magnitude of the crop yield response to
evapotranspiration deficits caused by water stress is varied by adjusting the value of the crop
yield response factor, ky, to account for differences in crop type and variety.
1− Y
Y p
= ky
(
1− ET
ETp
)
(2.1)
However, yield sensitivity to water deficits is not uniform intraseasonally and in fact varies
according to crop growth stage. Doorenbos and Kassam (1979) therefore propose that the crop
yield response coefficient, ky, in Equation 2.1 should be varied across the growing season to
account for the differing intraseasonal sensitivity to water stress. A wide range of models (e.g.,
Jensen (1968); Minhas et al. (1974); Stewart et al. (1977); Bras and Cordova (1981); Rao et al.
(1988); Rosegrant et al. (2002)) have been developed that dissagregate, by growth stage or month,
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the seasonal evapotranspiration model by introducing coefficients describing time-varying crop
sensitivity to water stress into Equation 2.1. These dissagregated evapotranspiration models de-
termine final seasonal crop yield using either additive or multiplicative methods (Igbadun et al.,
2007). Additive models assume that the effects of water deficits in multiple growth stages can
be summed to estimate final crop yield, such that evapotranspiration deficits during different
growth stages will incrementally affect final crop yield. Contrastingly, multiplicative models
condition crop yield on the assumption that evapotranspiration deficits in two or more growth
stages affect final yield in a multiplicative manner and, as a result, large water deficits in one
growth stage may lead to large reductions in final crop yield even if actual evapotranspiration
is equal to potential evapotranspiration in other growth stages. Temporally dissagregated evap-
otranspiration models are preferable to seasonal models as they enable some consideration of
intraseasonal crop-water dynamics and, therefore, can help to provide an improved representa-
tion of the intraseasonal trade-offs between agricultural water demands and water availability
in integrated hydro-economic analysis. Despite this, a number of issues still limit the applica-
bility of evapotranspiration-based crop-water production functions. Specifically, dissagregation
of the production function by growth stage, and the use of multiplicative or additive methods
to describe interstage dependencies, are highly simplified representations of the complex tem-
poral effects of water deficits on crop growth and development. In reality, crop yield may be
influenced by water deficits at much finer timescales (e.g., daily) and will be dependent on crop
physiological responses to the specific inter-temporal sequencing of irrigation inputs and water
deficits (Steduto et al., 2012). Furthermore, the value of evapotranspiration-based crop water
production functions is limited by the inability to consider the effects of non-water inputs (McK-
inney et al., 1999), and the need to separately relate evapotranspiration to the applied depth
of irrigation (Stewart and Hagan, 1973; Vaux and Pruitt, 1983) that typically is the primary
variable of interest in integrated hydro-economic analyses.
An alternative approach to the use of evapotranspiration-based models is to estimate the
crop-water production empirically. Empirical crop-water productions are developed by fitting
a crop-water production function to field-level observation data describing irrigation and other
production inputs along with final crop yields. Empirical functions often are formulated as
quadratic polynomials, an example of which is the model of Dinar and Letey (1996). Quadratic
functions satisfy the fundamental biophysical requirement of increasing followed by diminishing
marginal crop yield returns to applied irrigation, with the potential for negative marginal returns
if irrigation is over-applied leading to flooding and/or water-logging of fields (Dinar and Letey,
1996; Young, 2005). Commonly, irrigation decisions are described in terms of the total seasonal
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depth of applied irrigation, with no explicit consideration of intraseasonal scheduling of irrigation
or inter-temporal dependencies in water deficit impacts on crop yield. As a result, empirically
estimated crop-water production functions are effectively ‘black-box’ in nature and, as such,
are unlikely to generate reliable estimates of crop yield and agricultural water demand outside
of the specific conditions that are used to estimate the crop-water production function. This
lack of generalisability, combined with the need for extensive field-level observation data for
calibration that is both expensive and time-consuming to collect, greatly reduce the applicability
of empirically estimated production functions as a tool for predicting agricultural water demand
in integrated hydro-economic analysis (McKinney et al., 1999; Young, 2005).
Finally, crop simulation models can be used to estimate the crop-water production function
numerically. Crop simulation models are increasingly being seen as preferable to evapotranspi-
ration and empirical methods for estimating the crop-water production function for a number of
reasons (Young, 2005). As simulation models contain detailed representations of crop growth and
the effects of water stress on crop development, they may be able to provide more realistic predic-
tions of crop yield returns to irrigation inputs. Simulation models also provide a quick, flexible,
and cheap method for quantifying the complexity and variability in the crop-water production
function that would be not be feasible to explore using empirical methods. In particular, the
ability to generate rapidly large quantities of data on yield-water relations allows the variability
in the crop-water production function to be quantified and incorporated into subsequent hydro-
economic predictions of agricultural water demand. For example, a number of recent studies
have utilised crop simulation models to quantify the stochastic nature of the crop-water produc-
tion function due to interannual weather variability (Brumbelow and Georgakakos, 2007; Geerts
et al., 2009; Schütze and Schmitz, 2010; García-Vila and Fereres, 2012; Kloss et al., 2012). By
iteratively generating multiple realisations of the crop-water production function, this simulation
approach is able to extend the constant, aggregate formulation of the relationship between total
seasonal applied irrigation,W , and final crop yield, Y , (Equation 2.2) to capture the dependency
of the yield-water relationship on the weather conditions, Ω, in each given year, i, as shown in
Equation 2.3.
Y = f (W ) (2.2)
Yi = f (W,Ωi) (2.3)
The application of crop simulation models to generate stochastic crop-water production func-
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tions clearly has great potential for use in hydro-economic analysis, especially with regard to the
characterisation of the effects of production risk and uncertainty on agricultural water demand.
However, the value of existing methods for simulation modelling of crop-water production func-
tions may be limited by the mismatch between the variables used to define the production
function and those that govern actual groundwater-fed irrigation decision making. In particular,
two key areas for improvement can be identified.
First, real-world irrigation scheduling is an intraseasonal decision process. Choices about
when to irrigate and how much water to apply are driven by factors such as target soil moisture
levels during the growing season that are designed to minimise crop yield losses (Jones, 2004;
Steduto et al., 2009). The role of soil moisture as a key decision variable is supported by evidence
indicating the adoption of soil moisture measurement technologies of varying complexity in agri-
cultural production (Nebraska Republican River Management Districts Association, 2006; Evett
et al., 2007; U.S. Department of Agriculture National Agricultural Statistics Service, 2008; Peters
et al., 2013), and the focus on soil moisture content in computational models used to inform farm
water management and irrigation scheduling (Smith, 1992; Clark and Rogers, 1992; Shani et al.,
2004; Wang and Cai, 2007; Steduto et al., 2009; Vico and Porporato, 2011; Alizadeh and Mousavi,
2013). Despite this, crop-water production functions used in integrated hydro-economic models
generally are formulated in terms of a decision about the total depth of irrigation to apply over
the growing season. Consequently, simulation modelling of the crop-water production function
often has made arbitrary assumptions about the intraseasonal scheduling of total seasonal irri-
gation, such as fixed temporal intervals between individual irrigation events (Bulatewicz et al.,
2010; Nair et al., 2013) or optimisation with perfect of future weather conditions for the entire
growing season (Cai, 2008; Schütze and Schmitz, 2010). Crop-water production functions that
have been derived previously using crop simulation models therefore often have limited relevance
to actual irrigation planning, and, as a result, potentially may provide unreliable predictions of
agricultural water demand when applied to scenarios where the implicitly specified intraseasonal
irrigation rules no longer apply.
Second, groundwater-fed systems may impose unique constraints on irrigation decision mak-
ing that also are not accounted for in current simulation modelling of the crop-water production
function. Well yield, for example, places an upper limit on the rate at which water may be
pumped out of an aquifer and applied to a field as irrigation. Consequently, declining well yields
have been suggested anecdotally and empirically to be important determinants of farmer irri-
gation behaviour and crop production returns to irrigation due to the constraints that low well
yields impose on instantaneous irrigation application rates and the resultant negative effects on
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crop yields (O’Brien et al., 2001; Peterson and Ding, 2005; Lamm et al., 2007; Colaizzi et al.,
2009; Wines, 2013). Restricted well yields may occur due to temporal and/or spatial varia-
tions in saturated thickness (Hecox et al., 2002), due to geological constraints that naturally
cap abstraction potential from certain aquifers (MacDonald et al., 2012), or as a consequence
of poor maintenance of pumping equipment (Boonstra and Soppe, 2006). However, despite the
potential importance of well yield as a determinant and constraint for agricultural groundwater
use, current frameworks for simulation modelling of the crop-water production function do not
consider the impact of limited instantaneous application rates on crop production. As a result,
in situations where well yield is restricted, existing hydro-economic models that do not explicitly
account for such constraints may be poor predictors of agricultural groundwater demand and of
changes in the wider coupled natural-human system.
2.1.2 Farmer decision making
In integrated hydro-economic analysis, a range of different approaches have been used to char-
acterise agricultural decision making. Broad distinctions can be drawn between modelling ap-
proaches based on their spatial and temporal resolutions, and the specific factors that are consid-
ered to affect farmers choices about the use of water, land, and other resources. In the following
paragraphs a review is provided of the most commonly applied modelling techniques, and dif-
ferences between these approaches are discussed in the context of predicting farmers field-level
groundwater use decision making.
Traditionally, hydro-economic models have been designed as centralised optimisation-driven
tools that evaluate water resources management from a ‘top-down’ perspective (Harou et al.,
2009). A common feature of centralised models that have been applied in areas of intensive
irrigated agriculture (e.g., Cai et al. (2003); Schoups et al. (2006); Harou and Lund (2008);
Harou et al. (2010)) is that the decision making of individual farmers is aggregated to a regional or
district scale in order to maintain computational efficiency. For each region, agricultural decision
making is represented by an objective function that defines the potential economic benefit that
can be obtained from water use in crop production. Key inputs to the regional objective function
are crop and input prices, a crop-water production function defining the relationship between
crop yield and water use, and any constraints on decision making such as limits on land or water
availability. Optimisation techniques, such as linear or dynamic programming, are then used to
determine the levels of agricultural water use, both in terms of per-area irrigation intensity and
irrigated area (Rosegrant et al., 2002), that maximise total system-wide economic benefits from
water resources management.
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Centralised modelling approaches may provide useful information regarding the potential
economic performance of agricultural water resource systems. However, the aggregate resolution
of centralised models introduces a number of assumptions that limits the relevance to real-world
management problems. In particular, aggregate representations of agricultural decision making
do not capture the fact that farmers are autonomous individual decision makers whose behaviour
may not conform to the objective of maximising optimal system-level benefits. Furthermore, re-
gionally aggregated models of agricultural production are unable to capture the heterogeneity
in farmers individual decision making that results from differences in both behavioural char-
acteristics, such as risk aversion, and biophysical conditions, for example soil type or climate.
Consequently, it has been suggested that centralised models may be unable to predict reliably
macro-level changes in agricultural water use, crop production, and profitability that are, in
reality, emergent properties of the complex networks micro-level farmer decisions within an agri-
cultural watershed (Ng et al., 2011; Schreinemachers and Berger, 2011).
In response to criticisms of conventional centralised models, there has been increasing in-
terest in incorporating distributed representations of agricultural decision making within hydro-
economic modelling frameworks. These ‘bottom-up’ approaches, such as agent-based (ABM) or
multi-agent systems models (MAS), represent explicitly the decision making of individual agents
(e.g., farmers) along with their interactions with both the environment and other agents. ABM
was originally developed in the field of computational sciences and has been widely adopted in
the social sciences (Axelrod, 1997; Bonabeau, 2002). More recently, there have been increas-
ing applications of agent-based models as part of integrated studies of agricultural watersheds
(Berger, 2001; Berger and Ringler, 2002; Berger et al., 2007; Bulatewicz et al., 2010; Reeves and
Zellner, 2010; van Oel et al., 2010; Schreinemachers and Berger, 2011; Ng et al., 2011; Holtz and
Pahl-Wostl, 2012; Mulligan et al., 2014).
A key advantage of distributed modelling approaches, such as ABM, compared to regionally
aggregated models of agricultural water use is the ability to represent explicitly the autonomous
decision making of individual farmers. Therefore, ABM are able to capture the heterogeneity
in individual water use behaviour and its effects on macro-level system changes. Heterogeneity
can be incorporated to account for differences in biophysical conditions. For example, ABM
have been linked to spatially-distributed hydrological models to account for the effects on in-
dividual production decisions of spatial or temporal variations in factors such as groundwater
depth (Mulligan et al., 2014), water availability for abstraction (van Oel et al., 2010), and soil
type and weather conditions (Ng et al., 2011). Heterogeneity can also be incorporated to con-
sider differences in the behavioural rules and characteristics that underlie the decision making
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of individual farmers, such as their degree of learning from past production experiences (Ng
et al., 2011) or their attitude to production risks (Holtz and Pahl-Wostl, 2012). In this regard,
distributed modelling approaches provide a valuable mechanism for incorporating heuristics un-
derlying observed farmers decision making that may not conform to the economically rational
definition of behaviour (e.g., profit maximisation) that is assumed in traditional regionally ag-
gregated models of agricultural production and water demand. Finally, a further valuable aspect
of ABM is the ability to consider how farmers’ decision making is affected by their interactions
with other agents. Types of interaction that have been considered in previous ABM studies of
agricultural watersheds include the diffusion of technological innovations (Berger, 2001; Berger
and Ringler, 2002) or the effects competitive extraction of common-pool groundwater resources
(Guilfoos et al., 2013; Mulligan et al., 2014). With regard to the latter application, it is important
to highlight that, although not referred to specifically as ABM, there is a large economic mod-
elling literature that considers the impact on the value of groundwater management of spatially
heterogeneous groundwater pumping by farmers (Brozović et al., 2010; Athanassoglou et al.,
2012; Madani and Dinar, 2012a,b; Saak and Peterson, 2012). However, these studies typically
only consider a small number of agents and do not consider more complex aspects of decision
making, such as non-economic decision structures, that can be incorporated in to ABM.
The discussion above has highlighted the value that can be obtained from using a distributed
or decentralised modelling approach that incorporates farmers individual production and water
use decision making within integrated hydro-economic modelling frameworks. However, dis-
tributed modelling approaches, such as ABM, should not be seen as panacea solutions that are
without limitations. One of the biggest challenges, in particular when data availability is limited,
is to define which aspects of farmers’ decision making are most important to include in to the
model (Ng et al., 2011). Inevitably, certain factors influencing actual decision making will be
ignored, either to minimise computational demands or because they are currently unknown to
the modeller, and this may affect the validity of predictions of agricultural production and wa-
ter use. In this context, the use of interviews and participatory model development approaches
may be valuable to elicit more reliably the heterogeneous decision structures of individual farm-
ers (Janssen and Ostrom, 2006). Moreover, where data is available, efforts should be made to
validate ABM against observed farm production choices and to conduct sensitivity analyses to
test the robustness of model predictions given uncertainty about agent behavioural parameters
(Castle and Crooks, 2006).
Furthermore, while ABM enables farmers decision making to be represented at fine spatial
scales, the importance of the temporal resolution at which water use choices are modelled often
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is not considered in as greater detail. Both ABM and centralised models typically are run on an
annual or seasonal time step, and model predictions of farmer water use decision making there-
fore are based on expectations of the seasonal relationship between total applied water and crop
yield. As was noted in Section 2.1.1, this may introduce errors as model predictions are condi-
tioned on implicit assumptions about the knowledge and heuristics that farmers use to schedule
irrigation that may not be representative of actual intraseasonal scheduling dynamics. Further-
more, modelling of farmer water use decision making at a seasonally aggregated timescale is also
insufficient to account for the impact of constraints on irrigation water supply imposed by factors
such as well yield that impact crop production at finer (e.g., daily) timescales. As a result, ex-
isting approaches for modelling farmer decision making, whether centralised or distributed, may
be inadequate for predicting the trade-offs between intensive and extensive margin adjustments
in areas where well yields are limited, for example in regions where significant aquifer depletion
is occurring. One solution to address this limitation is to use a multi-stage modelling frame-
work that models farmers intraseasonal irrigation scheduling conditional on separate estimation
of pre-season choices about crop mix and land allocation. Multi-stage frameworks have been
widely adopted in models designed to inform farm irrigation planning (Rao et al., 1990; Sunan-
tara and Ramírez, 1997; Reca et al., 2001; Prasad et al., 2006). However, such a multi-stage
representation of farmers water use decision making has yet to be incorporated adequately into
either agent-based or centralised approaches used as part of integrated hydro-economic model
analyses.
2.2 Model development
This section discusses the development of a distributed modelling approach for predicting farmers
individual field-level groundwater-fed irrigation decision making, which addresses some of the
key limitations of existing methodological approaches that are discussed in the literature review
in Section 2.1. In Section 2.2.1 the crop simulation model used in this study is introduced.
Section 2.2.2 then details how this simulation model is applied to generate a novel stochastic
intraseasonal formulation of the crop-water production function, and contrasts this approach
with existing production functions used to predict irrigation decision making in hydro-economic
analysis. Finally, Section 2.2.3 describes the methodology that is used to apply the developed
stochastic intraseasonal crop-water production function within a behavioural economic model
of farmers’ individual field-level irrigation decision making. The aim of this model is to predict
realistically farmers’ optimal land and groundwater use choices at the start of each annual growing
season, considering local-level constraints on the availability of groundwater for irrigation at both
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annual and intraseasonal timescales.
2.2.1 Crop simulation model
On the basis of the literature reviewed in Section 2.1, the use of crop simulation models is iden-
tified as the most promising method for deriving the crop-water production function. The crop
simulation model that is selected for use in this thesis is AquaCrop. AquaCrop is a water-limited
yield model developed by the Food and Agriculture Organization of the United Nations (FAO)
(Raes et al., 2012). AquaCrop simulates above and below-ground crop growth processes across
the soil-vegetation-atmosphere continuum on a daily time step at the field-scale. Model inputs
include soil hydraulic properties and crop characteristics, daily weather data (maximum and
minimum temperature, precipitation, and computed reference evapotranspiration), and irriga-
tion management practices. A brief description of the key calculations that are performed by
AquaCrop is provided below, and the reader is referred to the model documentation for a detailed
account of model calculation procedures and equations (Raes et al., 2012).
AquaCrop uses a water-driven growth equation to predict daily crop transpiration, and trans-
lates simulated transpiration into an estimate of accumulated above-ground biomass using a
crop-specific water productivity parameter that captures the fundamental biophysical relation-
ship between assimilation of carbon and transpiration of water by a crop (Steduto et al., 2007,
2009). On any given day of the crop growing season, the estimated crop transpiration is calcu-
lated a function of the crop canopy size, root depth and distribution, water availability within the
soil profile, and the reference evapotranspiration rate. The crop canopy cover and root system
develop during the growing season based on the accumulation of growing degree days. Growing
degree day accumulation is calculated using the maximum and minimum temperature inputs,
and the specified crop phenological calendar. Crop yield that has developed by the end of a given
day is then calculated as the product of the simulated above-ground biomass and crop harvest
index. The crop harvest index defines the portion of accumulated biomass that is harvestable
yield, and increases over the growing season towards a maximum reference value of between 0 %
and 100 %. The reference harvest index value and the trajectory of harvest index build-up over
the growing season are a function of crop type, and are also influenced by water and temperature
stress effects that may restrict the development of harvestable yield.
Soil water availability in AquaCrop is simulated using a linked soil water balance model
that divides the total depth of the soil profile into a set of discretised compartments. A finite-
difference solution is used to solve for updated values of water contents in each compartment
on each day of the simulation. The soil water balance solution explicitly considers processes of
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surface runoff, drainage, infiltration, soil evaporation, and crop transpiration. First, drainage
of water stored within the soil profile at the start of a time step is calculated. This calculation
assumes that drainage from a soil compartment only occurs when the soil water content is
greater than field capacity, and that drainage is an exponential function of the soil water content
and a soil drainage parameter (Raes et al., 2006, 2009). Subsequently, incoming water from
precipitation and irrigation is partitioned into surface runoff and infiltration using the curve
number methodology (Rallison, 1980), and the percolation and storage of infiltrating water is
calculated. Finally, processes of soil evaporation and crop transpiration are simulated, dependent
on the availability of soil water to satisfy reference evapotranspiration and the canopy cover size
that determines the partitioning of atmospheric demand between the two processes. Importantly,
the simulated soil water content in compartments within the crop root zone directly determines
the presence and magnitude of water stress effects on crop development. The effect of water
stress on crop growth process in AquaCrop is dependent on both the level of soil moisture
depletion and the sensitivity of the specific biological process, such as canopy expansion, stomatal
closure, canopy senescence, and pollination, to water stress. For example, the rate of canopy
cover or root depth expansion may be reduced at only moderate levels of soil water depletion,
whereas premature canopy senescence or pollination failure will only occur in the presence of
more significant levels of depletion.
For the purposes of this research, AquaCrop offers a number of advantages over alterna-
tive crop simulation models. The use of a water-driven growth engine in AquaCrop ensures that
important biophysical crop-water relations are represented. AquaCrop also has the ability to con-
sider a variety of irrigation management strategies, making the model ideally suited for analysing
crop-water production relationships. Furthermore, AquaCrop is substantially less complex and
requires the specification of fewer input parameters than many other mechanistic crop simula-
tion models, such as the Agricultural Production Systems Simulator model (APSIM) (Keating
et al., 2003) or the Decision Support System for Agrotechnology Transfer model (DSSAT) (Jones
et al., 2003) that, similarly to AquaCrop, have the capability of simulating multiple crop types.
This relative computational simplicity is beneficial, particularly when seeking to apply the model
within an integrated framework for the purposes of water resources management where highly
complex crop simulation models may impose an unrealistic computational burden for both sim-
ulation and calibration. Moreover, this simplicity does not compromise prediction accuracy, as
illustrated by the fact that AquaCrop has been successfully applied to a wide variety of crops in a
diverse range of geographic locations, including studies related to corn production in the United
States (Heng et al., 2009; Hsiao et al., 2009; Mebane et al., 2013) and elsewhere (Stricevic et al.,
37
2011; Abedinpour et al., 2012; García-Vila and Fereres, 2012) that are of specific relevance to
the case studies that AquaCrop is applied to in this thesis.
Despite these advantages, a major limitation of the original AquaCrop model is that all model
runs must be conducted through a restrictive user-interface system. Combined with the lack of
access to the original model source code, this setup presents problems for application of the model
in integrated hydro-economic analysis and also for future model improvement. As a result, the
decision was made to recode AquaCrop into the Matlab programming language version 2013b
(Mathworks Inc., 2013). Significantly, while recoding was a time consuming and challenging
task to undertake, the resultant Matlab-AquaCrop model provides greater potential for use in
integrated hydro-economic analysis that would not be feasible using the original model setup.
Appendix A describes the recoding procedure and shows the outputs from test simulations that
have been conducted to illustrate the accurate reproduction of the original model code.
2.2.2 Formulation of crop-water production function
As highlighted in Section 2.1.1, crop simulation models can be a valuable tool to derive stochastic
crop-water production functions by iteratively generating multiple realisations of the production
function using multi-year weather time series (Equation 2.3). Despite the ability to account
for interannual variability in the crop-water production function, the discussion in Section 2.1.1
highlights that the stochastic seasonal crop-water production function (Equation 2.3) may still
be inconsistent with actual irrigation behaviour for a number of reasons. Here, a new stochas-
tic intraseasonal formulation of the crop-water production is developed that introduces two key
innovations over Equation 2.3. First, the irrigation decision is represented by the selection of
an intraseasonal soil moisture management strategy as opposed to the choice of a total sea-
sonal irrigation depth. Second, the crop-water production function varies in response to both
interannual weather variability and differences in instantaneous application rates that can be
related to available well yield and the choice of irrigated area. The mathematical formulation of
the stochastic intraseasonal crop-water production function is detailed in Equation 2.4, and the
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calculation framework and basis for each model innovation are described below.
Yi = f (wi,Ωi) = f (M,Ωi)
Wi =
ni∑
d=1
wid = f (M,Ωi)
subject to:
0 ≤ wid ≤ wmax : ∀w
wmax =
C
A
(2.4)
where wi and Ωi are vectors of daily irrigation application application depths and daily weather
conditions, respectively, in year i, ni is the number of days, d, in the growing season in year i, Wi
is the total depth of applied irrigation in year i, wmax is the maximum daily applied irrigation
depth, C is the well yield, and A is the irrigated area. M is the intraseasonal soil moisture
target, equal to a specified proportion of the soil water holding capacity at which irrigation is
initiated during the growing season where soil water holding capacity is defined as the water that
can be held by the soil for crop use between field capacity and permanent wilting point. Given
M and wmax, the per-area applied irrigated depth on a given day, wid , is calculated during the
simulation of the stochastic intraseasonal crop-water production function using Equation 2.5.
wid =

Zrz,id−1 ·
(
Θfc −Θrz,id−1
)
,
(
Θrz,id−1 −Θwp
Θfc −Θwp
)
< M
0, Otherwise
(2.5)
subject to:
wid ≤ wmax
where Θrz,id−1 and Zrz,id−1 are the simulated root zone soil water content and depth of the root
zone, respectively, at the end of day d− 1 of the growing season in year i, and Θfc and Θwp are
the soil water contents at field capacity and permanent wilting point, respectively, that define
soil water holding capacity.
In the first step of the simulation framework, the Matlab-AquaCrop model is applied to pre-
dict crop yield and total seasonal irrigation requirements in response to a range of intraseasonal
soil moisture targets, given weather variables for a single year, using Equation 2.4. Nonpara-
metric functions are fitted to the generated data points using a Piecewise Cubic Hermite Inter-
polating Polynomial (PCHIP) function in MATLAB (Mathworks Inc., 2013). Soil moisture has
been highlighted as being a key determinant of irrigation behaviour, reflecting the fact that crop
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growth and crop yield are both fundamentally dependent on the maintenance of adequate soil
moisture during the growing season (Steduto et al., 2012). Therefore, by describing the produc-
tion decision in terms of intraseasonal management of soil moisture rather than the total depth
of irrigation applied over the season (Equations 2.2 and 2.3), Equation 2.4 is able to provide a
more realistic and flexible representation of the farmer’s actual irrigation decision making pro-
cess. Specifically, Equation 2.4 conditions the production function on the realistic assumption
that the daily decision on when to irrigate and how much water to apply are made solely on the
basis of the current depletion of soil water holding capacity, without introducing any assumptions
about future conditions later in the growing season.
The calculations of crop yield and irrigation requirements described in step one are condi-
tioned on weather inputs for a single growing season and assume a biophysically unrestricted
maximum daily irrigation rate, defined by specified upper bounds of well yield and irrigated area
that allow the farmer to always meet full crop water requirements on the maximum available
irrigated area. To account for production variability introduced by interannual weather vari-
ability as in Equation 2.3, the second step of the procedure repeats the method described in
step one using weather time series, Ω, for multiple different growing seasons at the site or region
of interest. Multi-year weather time series may be obtained from historic weather records or,
alternatively, may be synthetically generated using a numerical weather generator. The resulting
output captures the potential distribution of crop yields (Figure 2.1) and total seasonal irriga-
tion requirements (Figure 2.2) for each soil moisture target. Significantly, Figures 2.1 and 2.2
illustrate that intraseasonal irrigation decisions about soil moisture management will be based
upon expectations not only about final crop yield (as is the case in Equations 2.2 and 2.3), but
also about the total amount of irrigation water that will be required over the season to maintain
root zone soil moisture above a threshold proportion of soil water holding capacity. Accounting
for this uncertainty in expected irrigation requirements will be important in situations of limited
water availability, where the inability to maintain adequate soil moisture levels in drier years
may lead to changes in irrigation behaviour to mitigate potential production losses and risks.
Finally, the intraseasonal structure of Equation 2.4 provides a means of incorporating the
effect of intraseasonal groundwater supply constraints on irrigation scheduling, and resultant
crop yield and total irrigation requirements, within the generated crop-water production func-
tion. Variations in well yield place an upper bound on the instantaneous rate at which irrigation
can be applied to a specific area in a given time period. This in turn will affect the ability to
maintain sufficient soil moisture in the root zone with resultant negative impacts on crop yield,
net economic returns, and production risk (O’Brien et al., 2001; Peterson and Ding, 2005; Lamm
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Figure 2.1: Stochastic relationship, due to interannual weather variability, between the soil mois-
ture target and per-area corn yield (tonne ha-1). Each line represents the individual relationship
for a simulation using AquaCrop as described in Section 2.3.1.
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Figure 2.2: Stochastic relationship, due to interannual weather variability, between the soil
moisture target and per-area irrigation use for corn (mm). Each line represents the individual
relationship for a simulation using AquaCrop as described in Section 2.3.1.
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et al., 2007; Colaizzi et al., 2009; Wines, 2013). However as previously noted, instantaneous
irrigation application potential has been neglected as a constraint in existing simulation mod-
elling approaches used to generate crop-water production functions. In the third step of the
calculation framework the simulations in steps one and two therefore are repeated to generate
stochastic intraseasonal production functions for a range of maximum instantaneous irrigation
rates. Consequently, the complete stochastic intraseasonal crop-water production function de-
scribes the relationship between soil moisture target and crop yield, and between soil moisture
target and total seasonal irrigation use, accounting for the variability in these functions induced
by both weather and instantaneous application rate constraints. Figures 2.3 and 2.4 illustrate
examples of the crop-water production functions that are generated for four specific instanta-
neous irrigation application limits, where the time period of the application constraint is defined
as a calendar day to be consistent with the temporal resolution of both AquaCrop and real-world
irrigation planning. It is clear that instantaneous irrigation supply constraints may have large
effects on both crop yield and total irrigation water requirements. Given that the instantaneous
application constraint is determined as a function of well yield and irrigated area (Equation 2.4
and Figure 2.5), this suggests that incorporating this additional variation in the crop-water pro-
duction function may be an important innovation when seeking to evaluate optimal irrigation
decision making under conditions of limited groundwater supply.
2.2.3 Simulation of producer economic decision making
A farmers’ individual pre-season choice of an irrigation strategy at the start of each annual
growing season has both intensive and extensive margin components. Following the definition
of the stochastic intraseasonal crop-water production function, in the proposed economic model
the intensive margin (per-area irrigation intensity) is defined by the choice of an intraseasonal
soil moisture target which determines expectations of per-area crop yields (Figure 2.1) and irri-
gation requirements (Figure 2.2). Contrastingly, the extensive margin, which refers to the size
of irrigated area, represents the preseason planting decision made by the farmer and also affects
the maximum daily rate at which irrigation can be applied to a field.
As irrigation is used by farmers to mitigate production variability, attitude to production risk
may have an impact on the choice of optimal irrigation strategy. In order to consider a range
of risk preferences, the optimal choice of irrigated area and soil moisture target is formulated
as a certainty equivalent maximisation procedure rather than in terms of the maximisation of
expected profits. The certainty equivalent, which is widely used to model risk averse decision
making, represents the certain level of payoff which a decision maker, in this case a farmer,
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Figure 2.3: Stochastic relationship, due to interannual weather variability, between the soil
moisture target and per-area corn yield (tonne ha-1), given maximum instantaneous irrigation
rates of: (a) 2.5 mm day-1; (b) 5 mm day-1; 10 mm day-1; and (d) 20 mm day-1 . Each line
represents the individual relationship for a simulation using AquaCrop as described in Section
2.3.1.
43
0 0.2 0.4 0.6 0.8 1
0
300
600
900
1200
To
ta
l s
ea
so
na
l i
rri
ga
tio
n 
(m
m)
(a)
0 0.2 0.4 0.6 0.8 1
0
300
600
900
1200
(b)
0 0.2 0.4 0.6 0.8 1
0
300
600
900
1200
To
ta
l s
ea
so
na
l i
rri
ga
tio
n 
(m
m)
Soil moisture target
(c)
0 0.2 0.4 0.6 0.8 1
0
300
600
900
1200
Soil moisture target
(d)
Figure 2.4: Stochastic relationship, due to interannual weather variability, between the soil mois-
ture target and per-area irrigation use for corn (mm), given maximum instantaneous irrigation
rates of: (a) 2.5 mm day-1; (b) 5 mm day-1; 10 mm day-1; and (d) 20 mm day-1 . Each line
represents the individual relationship for a simulation using AquaCrop as described in Section
2.3.1.
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Figure 2.5: Contours of maximum daily irrigation application rates (mm day-1) for different
combinations of well yield (m3 day-1) and irrigated area (ha).
would consider equally desirable in terms of utility to some uncertain payoff (Chavas, 2004).
The certainty equivalent is calculated based on the difference between the expected profit value,
E(pi), and the risk premium, RP , for a given irrigation decision (Equation 2.6).
CE = E (pi)−RP (2.6)
Commonly, certainty equivalent maximisation requires the moments of the crop-water pro-
duction to be statistically defined in order to predict the moments of yield or profits that are
needed to calculate the risk premium (Just and Pope, 1978; Antle, 1983). To do this, assumptions
must be made about the specific functional form of the moments of the production relationship.
Given the complex variation that is often present in the relationships between the soil moisture
target and crop yield (Figures 2.1 and 2.3), and between the soil moisture target and total ir-
rigation demand (Figures 2.2 and 2.4), specification of a fixed functional form has been shown
to potentially induce errors in subsequent hydro-economic analyses (Finger, 2012). Therefore, a
particular functional form for the moments of the production relationship is not specified. In-
stead, the certainty equivalent is maximised using the procedure described below that estimates
expected profits and risk premiums for different irrigation strategies in a manner designed to
represent realistically the temporal structure of actual irrigation decision making.
The certainty equivalent maximisation procedure begins by calculating the profit-maximising
soil moisture target, and associated maximised profit and volumetric irrigation use for each pos-
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sible size of irrigated area using Equation 2.7. Profit for a given irrigation strategy is calculated
as the difference between the income generated from crop yield, estimated using the crop-water
production function and received crop price, and the fixed and variable costs of production.
Fixed costs may be incurred for seeds, fertilisers, herbicides, insecticides, crop insurance, farm
equipment and machinery, labor, and repairs and maintenance. Variable costs include the costs
of applying each unit of irrigation water in terms of fuel and labour, along with the costs in-
curred for harvesting each unit of crop biomass. The calculations in Equation 2.7 use a single
intraseasonal crop-water production function that is generated using the weather data for a spe-
cific historic growing season, and are conditional on the specified well yield that together with
irrigated area defines the maximum instantaneous irrigation application rate constraint. The
feasible set of irrigation strategies is also restricted by a constraint on annual volumetric ground-
water pumping for irrigation, V , which may limit the range of soil moisture targets that are
attainable on a given irrigated area in each growing season. Figure 2.6 illustrates this concept
showing how, in any given year, total volumetric irrigation water requirements vary for differ-
ent possible combinations of extensive and intensive margin decisions. This constraint ensures
that predictions of expected profits explicitly account for reduced production due to regulatory
restrictions on total annual abstraction. Indeed, regulatory restrictions are likely to be a key
factor influencing optimal irrigator behaviour in areas where they have been implemented to
tackle problems of groundwater depletion, such as in parts of the High Plains aquifer in the
United States (Sophocleous, 2010).
[
M∗a,i, pi
∗
a,i, G
∗
a,i
]
= max
M
{[
Ya,i (M,Ωi | Aa, C) · (pcrp − chrv)− cfxd (2.7)
−Wa,i (M,Ωi | Aa, C) · cwat
] ·Aa}
subject to:
Wa,i ·Aa = Ga,i ≤ V
where pi∗a,i, G
∗
a,i, M
∗
a,i, Ya,i, and Wa,i are the estimated maximised profit, profit-maximising
volumetric seasonal groundwater pumping for irrigation, profit-maximising soil moisture target,
per-area crop yield, and per-area total seasonal irrigation use, respectively, on irrigated area
size a for year i of the stochastic intraseasonal crop-water production function, Ωi is the time
series of daily weather variables used to generate year i of the stochastic intraseasonal crop-
water production function, Aa is the irrigated area size, pcrp is the crop price, chrv is the cost of
harvesting the crop, cfxd are the fixed costs of production, cwat are the variable costs of irrigation,
and V is the regulatory restriction on total volumetric seasonal groundwater supply.
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Figure 2.6: Contours of total volumetric irrigation use (1000 m3 yr-1) for corn production given
different combinations of per-area irrigation intensity (soil moisture target) and irrigated area
(ha). Data were generated by AquaCrop using weather data recorded at Amarillo, Texas, as
described in Section 2.3.1.
The model repeats the calculations in Equations 2.7 using the intraseasonal crop-water pro-
duction functions for all individual growing seasons in turn to produce profit and volumetric
irrigation use distributions for each possible size of irrigated area that capture the impact of
interannual weather variability on crop yields and irrigation water requirements. Using these
distributions expected maximised annual profits, E(pi∗), and the variance in maximised annual
profits, σ2pi∗ , are then calculated for each possible discrete choice of irrigated area. Profit values
are used to calculate the risk premium, RP , for each potential irrigated area (Equation 2.8),
assuming constant relative risk aversion, where γ is the Arrow-Pratt coefficient of relative risk
aversion (Pratt, 1964). When γ = 0 then the producer is assumed to be risk neutral and the the
certainty equivalent is simply equal to expected profits. Contrastingly, values of γ > 0 reflect
increasingly risk-averse behaviour that will lead the farmer to select irrigation strategies that
have lower expected, but less variable, profitability. The use of a constant relative risk aversion
coefficient is attractive over an assumption of increasing or decreasing relative risk aversion for a
number of reasons. In particular, the assumption of constant relative risk aversion, which implies
that the risk premium is independent of the proportional change in wealth, means that absolute
risk aversion must be decreasing with increasing wealth (Chavas, 2004). This behavioural pattern
is consistent with evidence about farmers’ attitude to production risk (Antle, 1987; Abdulkadri,
2003), and, as a result, constant relative risk aversion can be seen as a reliable assumption when
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modelling farmers’ irrigation decision making.
RP (A | C, V,M∗) = 0.5 · σ
2
pi∗ (A | C, V,M∗) · γ
E [pi∗ (A | C, V,M∗)] (2.8)
Finally, given values of expected maximised annual profit and risk premium for all possible
choices of irrigated area, it is then straightforward to compute the optimal irrigated area, A∗,
by maximising the certainty equivalent with respect to the choice of irrigated area conditional
on the previously specified well yield and regulatory abstraction limit (Equation 2.9). In turn,
the optimal volumetric irrigation use is determined by taking the expectation of the volumetric
irrigation use distribution calculated by Equation 2.7 for the optimal size of irrigated area, and
expected profits are defined according to the maximised certainty equivalent value.
A∗ = max
A
{
E [pi∗ (A | C, V,M∗)]− 0.5 · σ
2
pi∗ (A | C, V,M∗) · γ
E [pi∗ (A | C, V,M∗)]
}
(2.9)
Certainty equivalent maximisation has been used in a number of other studies focused on
modelling farmers’ individual field-level irrigation decision making (Lin et al., 2008; Grove and
Oosthuizen, 2010; Finger et al., 2011; Lehmann and Finger, 2014). However, maximisation
in terms of the choice of irrigated area instead of per-area irrigation intensity, conditional on
behaviourally realistic assumptions about intraseasonal irrigation scheduling, is a unique aspect
of the developed model of farmer decision making. The proposed optimisation structure provides
a behaviourally realistic representation of the temporal structure of optimal irrigation decision
making. Specifically, it captures the fact that farmers must make planting decisions related to
irrigated area preseason based upon uncertain expectations of growing season weather conditions
and agronomic guidance about the required well pumping capacities that are needed to ensure
sufficient irrigation supply rates during the growing season (e.g., New and Fipps (2002); Kranz
et al. (2008)). A farmer subsequently is unlikely to abandon irrigation on the planted area due
to the losses this would incur as a result of the significant fixed costs that must be invested
early in the growing season (e.g., for seeds and field cultivation). Contrastingly, intensive margin
decisions are made intraseasonally on the basis of soil moisture changes and may be adjusted
as the growing season evolves and additional knowledge is gained about weather conditions and
other variables. In this regard the certainty equivalent calculation implicitly assumes that the
farmer will manage to a profit-maximising soil moisture target in each growing season. Deviations
from this optimal strategy in specific years may reduce actual profits, but are not considered in
the analysis presented in this chapter.
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2.3 Model application
The developed modelling approach is tested through an application to a case study of irrigated
corn production in the Texas High Plains region of the United States in order to understand
the impact of limited groundwater supply on irrigation behaviour and to assess the ability of
existing crop-water production functions to provide robust predictions of agricultural groundwa-
ter demand for integrated hydro-economic analysis. Corn is a major irrigated crop in the Texas
High Plains. Indeed, the United States Department of Agriculture 2012 Census of Agriculture
(U.S. Department of Agriculture, 2012) shows that Texas had the third highest land area under
irrigated corn production of all the 52 states, at close to 290,000 ha (approximately 15% of the
total irrigated agricultural production area in Texas). Irrigation provides farmers with a crucial
buffer against variable precipitation patterns and high levels of evaporative demand in the region,
and typically is managed using a centre-pivot sprinkler system that can effectively irrigate 52.65
hectares (130 acres) of a 64.75 hectare (160 acre) quarter section plot. Irrigation water is sourced
almost entirely from groundwater stored in the underlying Ogallala Aquifer. However, abstrac-
tion for irrigation over past decades has far exceeded the low natural recharge rates, resulting in
substantial water table declines (McGuire et al., 2012; Scanlon et al., 2012; McGuire, 2014) and
reductions in well yields (Colaizzi et al., 2009). Declines in well yields have been suggested as
an important driver of changes in farmer irrigation behaviour in the Texas High Plains region,
such as reductions in irrigated production outputs per well, over recent decades (Texas Water
Development Board, 2001; Klocke et al., 2004; Colaizzi et al., 2009). These declines are almost
certain to be exacerbated in the years to come given low recharge rates and high abstraction
levels in region that will combine to further lower water levels and reduce well yields (Scanlon
et al., 2012; Texas Water Development Board, 2012). The long-term sustainability of irrigated
agriculture in the Texas High Plains therefore is a key concern for farmers and water managers
(Marek et al., 2013). As a result, the region presents an interesting location to test the proposed
methodology, although it should be highlighted that the intention of the analysis is not to make
specific predictions of actual conditions or management practices in the Texas High Plains.
2.3.1 Generation of crop-water production functions
The numerical analysis is focused on a specific location in the Texas High Plains, Moore County,
which accounts for a substantial proportion of the total irrigated corn area in the region (U.S.
Department of Agriculture, 2012). Figure 2.7 illustrates the location of Moore County within
the state of Texas.
No weather station with a sufficiently long record length exists in Moore County. Weather
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Figure 2.7: Map showing locations of Moore County, the weather station at Amarillo (Potter
County), and the agricultural research station at Bushland (Randall County) in Texas.
data recorded at Amarillo in neighbouring Potter County (Figure 2.7), obtained from the Na-
tional Oceanic and Atmospheric Association Global Summary of the Day data set (U.S. National
Climatic Data Center, 2014), therefore are used as the basis for generating the stochastic intrasea-
sonal crop-water production functions. The weather station at Amarillo provides daily values of
maximum and minimum temperature, dew point temperature, total precipitation, and average
wind speed over the period 1943-2013. Global Summary of the Day data undergoes a range
of quality control measures (Durre et al., 2010). However despite these, 16 of the 71 record
years (1943-1946, 1965-1973, 1981, and 1992-1993) are not used in the generation of production
functions as in these years greater than 10% of days contain missing data for one or more vari-
able. For the 55 years that are retained, the final weather input variable required by AquaCrop,
reference evapotranspiration, is computed using the standardised American Society of Civil En-
gineers (ASCE) Penman-Monteith equation (Allen et al., 2005). At a daily time step the ASCE
Penman-Monteith formula is identical to the FAO-56 Penman-Monteith equation, and is the rec-
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ommended method for estimating reference evapotranspiration (Allen et al., 1998, 2005). The
ASCE Penman-Monteith equation has also been shown to perform better than alternative equa-
tions (e.g., Hargreaves, Penman, Kimberley-Penman etc.) in the High Plains region of the United
States where high winds and vapour pressure deficits have large impacts on reference evapotran-
spiration rates (Itenfisu et al., 2003). Furthermore, the ASCE Penman-Monteith equation was
used as the basis for estimating reference evapotranspiration in the calibration of AquaCrop for
corn at Bushland in Texas (Figure 2.7) thus providing consistency with the methods used to
develop the crop parameter set for use in AquaCrop in this chapter (Heng et al., 2009).
In addition to the specification of weather inputs, soil, crop, and management parameters have
to be defined in AquaCrop. Soil type is defined to represent a Sherm silty clay loam soil. This
soil is the most commonly cropped soil type for corn production in Moore County, as identified
by a comparison of the spatial distribution of soils in the county given in the SSURGO data set
(U.S. Department of Agriculture Natural Resources Conservation Service, 2014) with the historic
(2009-2013) distribution of corn production areas in the county (U.S. Department of Agriculture
National Agricultural Statistics Service, 2014) (Figure 2.8). Based on this selected soil type, soil
textural properties of 23 % sand, 46 % clay, 31 % silt, and an organic matter content of 0.66 %
are extracted from the SSURGO dataset. These values subsequently are used to calculate soil
hydraulic properties, which are required as inputs to AquaCrop, using the pedotransfer function
model of Saxton and Rawls (2006) (Table 2.1).
Table 2.1: Soil hydraulic properties for AquaCrop in the Texas High Plains.
Parameter Value
Water content at permanent wilting point (m3 m-3) 0.274
Water content at field capacity (m3 m-3) 0.406
Water content at saturation (m3 m-3) 0.483
Saturated hydraulic conductivity (mm day-1) 27
In AquaCrop, the complete set of parameters used to simulate crop growth and yield devel-
opment can be divided into conservative and user-specific parameters (Raes et al., 2012; Steduto
et al., 2012). Conservative parameters are those that are believed to be constant spatially and
temporally, and are expected to be unaffected by management practices or climate. Conservative
crop parameters include, but are not limited to, the soil water thresholds at which different crop
growth processes are inhibited by water stress, the temperature thresholds used to determine
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Figure 2.8: Map showing the overlap between historic (2009-2013) corn production areas (yellow)
(U.S. Department of Agriculture National Agricultural Statistics Service, 2014) and the extent
of Sherm silty clay loam soil type (brown) (U.S. Department of Agriculture Natural Resources
Conservation Service, 2014) in Moore County, Texas.
crop growing degree days, and the crop water productivity parameter that defines the amount of
aboveground biomass that is accumulated per unit of transpiration. Contrastingly, user-specific
parameters may vary depending on the specific crop cultivar that is planted or due to local man-
agement practices and climatic conditions. Examples of user-specific parameters are the crop
phenological calendar defining the number of growing degree days in each growth stage, and the
maximum effective rooting depth of the crop. In this analysis, the crop parameter set is defined
according to a previous validation of AquaCrop in the Texas High Plains at Bushland, Pot-
ter County (Heng et al., 2009), which demonstrated that AquaCrop was able to reproduce corn
growth and yield adequately under full and deficit irrigation conditions. Heng et al. (2009) define
the values of conservative crop parameters according to the default values for corn reported in
Hsiao et al. (2009) and Raes et al. (2012). User-specific parameters are estimated by Heng et al.
(2009) based on observations of climate and crop growth during field experiments conducted at
the United States Department of Agriculture Agricultural Research Service Conservation and
Production Research Laboratory (USDA-ARS CPRL) in Bushland, Texas, and these parameter
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values are summarised in Table 2.2. In addition, it is assumed in the calculation of the crop-water
production functions that the corn crop is planted on May 1 each year with a planting density
of 74,132 plants ha-1 (30,000 plants ac-1) that is characteristic of typical agronomic practices in
the Texas High Plains region (U.S. Department of Agriculture National Agricultural Statistics
Service, 2010), and that soil moisture levels at the start of the growing season are equal uniformly
to 80% of soil water holding capacity throughout the soil profile.
Table 2.2: User-specific crop parameters for AquaCrop in the Texas High Plains.
Parameter Value
Time from planting to 90% canopy emergence (GDD*) 100
Time from planting to start of flowering (GDD) 900
Duration of flowering (GDD) 190
Time from planting to start of canopy senescence (GDD) 1600
Time from planting to physiological maturity (GDD) 1850
Maximum effective rooting depth (m) 1.6
*GDD: growing degree day
Using the parameters and weather inputs described above, the Matlab-AquaCrop model is
applied to simulate crop yield and total irrigation requirements for a range of soil moisture
targets using the procedure described in Section 2.2.2. The soil moisture target is varied from 0,
representing permanent wilting point, to 1, indicative of field capacity, in increments of 0.05 to
capture the complete range of potential soil moisture management strategies that are available
to a farmer. When irrigation is triggered water is considered to be applied uniformly over
the full irrigated area during a single day in order to bring the soil water content back to field
capacity. The maximum daily irrigation rate is, however, limited by the instantaneous application
constraint imposed by well yield and irrigated area (Equation 2.4). Stochastic intraseasonal crop-
water production functions are generated for maximum daily irrigation rates that vary from 0.1
mm day-1 to 20 mm day-1 in increments of 0.1 mm day-1 to capture a range of conditions from
effectively no irrigation potential to an irrigation application level necessary to satisfy full crop
water requirements on every day of all growing seasons. Additionally, it is assumed that 10% of
the irrigation water applied does not reach the crop root zone, which is consistent with typical
application losses from a centre-pivot system operating in the region (Wagner, 2012).
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2.3.2 Economic model simulations
Using the generated stochastic intraseasonal crop-water production function the impact of sea-
sonal and intraseasonal groundwater supply constraints on optimal irrigator behaviour is evalu-
ated. Potential irrigated area size is assumed to vary from 0 to 52.65 ha (0 - 130 ac) in increments
of 0.405 ha (1 ac), characteristic of the size of a typical centre-pivot irrigation system operating
on a quarter section field where the size of irrigated area can be relatively easily adjusted by
altering the extent of pivot rotation or the length of the sprinkler arm. Different intraseasonal
groundwater supply restrictions, which limit the instantaneous rate at which groundwater can be
abstracted, are represented by discretised values of well yield, ranging from 0 to 9000 m3 day-1
in increments of 100 m3 day-1. The seasonal groundwater supply constraint reflects regulatory
restrictions that are increasingly being applied in the High Plains region of the United States
to limit the volume of groundwater that farmers can abstract per growing season (Sophocleous,
2010; Kuwayama and Brozović, 2013; Brozović and Young, 2014), and is varied from 0 to 600,000
m3 yr-1 in 10,000 m3 yr-1 increments. The range of both seasonal and intraseasonal supply con-
straints is designed to cover a spectrum of conditions from no supply to effectively unrestricted
pumping in all years. Each possible combination of seasonal and intraseasonal groundwater sup-
ply restrictions is applied in turn within the certainty equivalent maximisation procedure detailed
in Section 2.2.3 to determine optimal irrigation strategies and expected field-level profitability.
Economic values needed to parameterise Equation 2.9 are taken from Texas AgriLife Extension
Service (2013) and are summarised in Table 2.3.
To explore the potential sensitivity of model predictions to the chosen parameter values,
model simulations are repeated using different values for a number of key variables that may
affect optimal irrigation decision making. Specifically, sensitivity analyses focus individually on
the impact of the specified level of risk aversion, crop price, and the soil water content at the
time of crop planting. Different levels of risk aversion are considered by varying the coefficient
of relative risk aversion, γ, in Equation 2.9 from 0 (risk neutral) to 4 (highly risk averse) in
increments of 0.5. The effect of variable crop prices is considered by repeating the economic
model simulations with crop price increased and decreased by 20-40% relative to the default value
reported in Table 2.3. Finally, the impact of the initial soil water content at planting is captured
by re-generating the stochastic intraseasonal crop-water production function (Section 2.3.1) for
initial soil water contents that are uniformly set equal to either 20%, 40%, 60%, or 100% of
soil water holding capacity throughout the modelled soil profile in the Matlab-AquaCrop model.
These production functions are then applied to simulate optimal irrigation decision making, as
described in Section 2.3.2, and the results compared to those obtained when an initial soil water
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content of 80% of total soil water holding capacity is assumed in the generation of the crop-water
production function.
Table 2.3: Parameter values for economic model of producer irrigation decision making in the
Texas High Plains.
Parameter Value
Corn price ($ tonne-1) 216.52
Fixed Costs ($ ha-1)
Seeds 294.06
Insecticide 61.78
Herbicide 88.96
Fertiliser 398.46
Crop insurance 49.42
Labour 29.70
Fuel 40.55
Repair and maintenance 101.93
Non-irrigation machinery and equipment 58.07
Centre-pivot 123.55
Interest on operating capital 38.60
Variable Costs
Irrigation fuel ($ ha-cm-1) 8.76
Irrigation labour ($ ha-cm-1) 0.65
Crop drying and harvesting ($ tonne-1) 15.75
2.3.3 Comparison to existing production functions
It is important to compare the results given by the analysis in Section 2.3.2 with those that would
be obtained when using a stochastic seasonal formulation of the crop-water production function
(Equation 2.3) that more commonly has been applied to model farmers’ economic irrigation de-
cision making. As noted previously, existing crop-water production functions differ in two ways
from the stochastic intraseasonal production function developed in this chapter. Specifically,
they do not consider the impact of instantaneous application constraints imposed by well yield
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or the role of soil moisture as a key decision variable. Therefore, stochastic seasonal produc-
tion functions are generated by repeating the simulations described in Section 2.2.2 but with no
constraint on instantaneous application rates applied (i.e., the constraint imposed by wmax in
Equation 2.4 is ignored). The simulated relationships between the soil moisture target and crop
yield, and between the soil moisture target and total irrigation demand, are then aggregated to
produce data points of crop yield return to total seasonal irrigation to reflect that existing pro-
duction functions do not consider soil moisture explicitly as a decision variable. Using these data
points a nonparametric relationship is fitted for each growing season using the PCHIP function in
MATLAB (Mathworks Inc., 2013) to generate a stochastic seasonal crop-water production func-
tion that relates total seasonal applied irrigation to crop yield under variable weather conditions
(Equation 2.3). The stochastic seasonal crop-water production function is used to predict opti-
mal irrigation decision making in terms of the preseason choice of irrigated area using the same
certainty equivalent maximisation procedure as described in Section 2.2.3. The maximisation in
Equation 2.7 is, however, conducted in terms of the choice of a per-area seasonal depth of ap-
plied irrigation rather than an intraseasonal soil moisture target, and optimal irrigation decisions
are only calculated for constraints on seasonal groundwater supply due to the inability of sea-
sonal crop-water production functions to capture intraseasonal groundwater supply constraints
imposed by well yield. Importantly, by applying the same optimisation methodology as when
using the stochastic intraseasonal crop-water production function developed in this chapter, it
is possible to isolate and compare the impact of the choice of production function on simulated
optimal irrigation decision making. This provides useful information about the value obtained
from the stochastic intraseasonal formulation crop-water production function proposed in this
chapter, and generates insights into the situations where use of existing production functions
may lead to unreliable predictions of groundwater-fed irrigation decision making.
2.4 Results and discussion
2.4.1 Irrigation behaviour
The results of the model simulations detailed in Section 2.3.2 demonstrate that farmers’ irriga-
tion behaviour exhibits complex nonlinear responses to changes in groundwater availability. In
particular, by allowing the crop-water production function to vary as a function of the intrasea-
sonal constraint on maximum daily irrigation application rates, it is found that the optimal size
of irrigated area (Figure 2.9a) and total irrigation demand (Figure 2.9b) for a risk neutral farmer
are variable in response to both seasonal and intraseasonal groundwater supply constraints. Sig-
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nificantly, three different kinds of behaviour are observed where the optimal size of irrigated area
is primarily: (1) unconstrained; (2) seasonally constrained; (3) intraseasonally constrained.
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Figure 2.9: Predicted contours of optimal: (a) irrigated area (% of the total 52.65 ha field); and
(b) total irrigation use (1000 m3 yr-1); for different seasonal (1000 m3 yr-1) and intraseasonal
(m3 day-1) groundwater supply restrictions.
Under conditions of extensive seasonal (> 430,000 m3 yr-1) and intraseasonal (> 6000 m3
day-1) groundwater supply it is shown that the optimal decision is to irrigate 100% of the full
52.65 ha field production area (Figure 2.9a). In the region where irrigated area is at or close to
its maximum limit, Figure 2.9b demonstrates that total irrigation use may decline slightly as a
result of intensive margin adjustments of per-area irrigation intensity. These water savings are
primarily motivated by reductions in seasonal groundwater allocation that necessarily limit the
attainable soil moisture target and irrigation intensity on the full production area particularly
in the driest years.
As seasonal groundwater supply is reduced below approximately 450,000 m3 yr-1 irrigation de-
cision making becomes increasingly limited by seasonal groundwater supply constraints. Irrigated
area size (Figure 2.9a) and total irrigation demand (Figure 2.9b) both decline at approximately
linear rates. These changes reflect the growing use of extensive margin adjustments to provide
the water savings necessary to meet restrictive regulatory constraints, which limit the ability
to manage soil moisture levels effectively to avoid significant crop yield losses. Importantly, in-
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traseasonal groundwater supply constraints become progressively less influential as shown by the
increasingly vertical slope of the contours with respect to seasonal water supply (Figures 2.9a and
2.9b). Intuitively, this reveals that, for low seasonal groundwater allocations, potential changes
in instantaneous irrigation application rates have less impact on optimal irrigation decisions as
any additional intraseasonal groundwater supply capacity obtained from a higher well yield will
be unusable due to the binding seasonal water supply constraint.
Contrastingly, it is clear that constraints on instantaneous application rates imposed by well
yield have a significant effect on irrigation behaviour for moderate to large seasonal groundwater
allocations. As seasonal supply restrictions are relaxed, irrigation behaviour becomes increasingly
sensitive to reductions in well yield below approximately 6000 m3 day-1. Impacts of limited
intraseasonal groundwater supply are most evident for seasonal water supplies above around
200,000-250,000 m3 yr-1, where rapid declines occur in the optimal size of irrigated area (Figure
2.9a) and total irrigation use (Figure 2.9b) even as the seasonal groundwater allocation is held
constant. Biophysically, the extensive margin adjustments in response to reductions in well yield
can be explained by the need to maintain daily application rates at a level that avoids severe
perpetual soil moisture deficits and resultant crop water stress (Figure 2.5). By reducing irrigated
area and relaxing the constraint on daily irrigation rates, the farmer is able to maintain higher
soil moisture levels and obtain a larger average per-area crop yield. At the same time reductions
in irrigated area also lower the total fixed costs of production, and it is the combination of these
two factors that leads to increased optimality of partial-area irrigation when well yield is limiting.
2.4.2 Profits
The model analyses also provide estimates of the impact of groundwater supply constraints on
field-level profitability. Figure 2.10 illustrates that estimated certainty equivalents are highly
correlated with the patterns of irrigation behaviour observed in Figures 2.9a and 2.9b. Certainty
equivalents therefore exhibit marked sensitivity to both seasonal and intraseasonal groundwater
supply constraints.
Certainty equivalents for the 52.65 ha field are highest, greater than $ 28,000 yr-1, where both
seasonal and intraseasonal groundwater supply are at maximum levels that are non-limiting for
irrigated agricultural production in all years. As seasonal groundwater supply is reduced, the
certainty equivalent value declines at a slower initial rate due to the initial implementation of
intensive margin adjustments and resultant small to moderate reductions in per-area crop yield
for seasonal supplies greater than 430,000 m3 yr-1. This is followed by a larger, approximately
linear decline in certainty equivalent values as the farmer switches permanently to extensive
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Figure 2.10: Predicted contours of optimal certainty equivalent values (1000 $ yr-1) obtained
from irrigated production given different seasonal (1000 m3 yr-1) and intraseasonal (m3 day-1)
groundwater supply restrictions.
margin adjustments for seasonal groundwater allocations below around 350,000-400,000 m3 yr-1
in order to minimise soil moisture deficits, stabilise crop yields, and reduce fixed costs.
Reductions in the certainty equivalents due to intraseasonal supply constraints are most no-
ticeable for moderate to high levels of seasonal groundwater supply (> 200-250,000 m3 yr-1). For
the specific biophysical conditions considered in this model application, well yield may become
a limiting factor for profit generation at pumping capacities as high as around 7500 m3 day-1
depending on the level of the seasonal groundwater supply. The reduction in the certainty equiv-
alent value reflects the fact that binding intraseasonal supply constraints imposed by well yield
limit the range of soil moisture targets that farmers can effectively manage for a given seasonal
groundwater allocation. In order to achieve optimal expected crop yields and profits, farmers
must reduce the size of their irrigated operation, both in terms of the size of irrigated area and
total irrigation water use, below the level that would be attainable with a higher well yield and
the same seasonal groundwater allocation. Consequently, the farmer forgoes a large proportion
of potential profits for a given seasonal groundwater allocation due to the physical intraseasonal
constraints imposed by the hydrogeological system.
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2.4.3 Parameter sensitivity analysis
In this section, the influence of some key model parameter choices on the findings described
in Sections 2.4.1 and 2.4.2 is explored. Specifically, the sensitivity of the response of irrigated
area to intraseasonal and seasonal groundwater availability is assessed by varying the values of
a number variables that, potentially, are important controls on irrigation behaviour, namely the
level of risk aversion, the crop price, and the initial soil water content at planting.
Risk aversion
Figure 2.11 summarises how the response of optimal irrigated area size to well yield varies as
a function of the specified degree of risk aversion. Results are shown for seasonal groundwater
allocations of: (a) 500,000 m3 yr-1; (b) 350,000 m3 yr-1; and (c) 200,000 m3 yr-1.
In general, Figure 2.11 indicates that increasing risk aversion (γ > 0) leads to further re-
ductions in the optimal size of irrigated area. This trend indicates the farmer’s willingness to
choose a smaller irrigated production area in order to increase per-area water supply and reduce
variance in profits caused by interannual weather variability and limited groundwater availabil-
ity. Additional declines in irrigated area size are most prominent for moderate to large well
yields (> 3000 m3 day-1). However, Figure 2.11a also demonstrates that, if both seasonal and
intraseasonal groundwater supply are large, the decline in optimal irrigated area with increasing
risk aversion may be small for low levels of risk aversion (γ ≤ 1) as water supply is sufficient
to buffer some of the production risk induced by interannual weather variability. Furthermore,
the impact of increasing risk aversion on irrigated area size is more limited when either seasonal
or intraseasonal groundwater supply are small. This reflects the fact that, under conditions of
limited water availability, the binding seasonal or intraseasonal groundwater supply constraints
increasingly dominate any changes in irrigation behaviour due to risk aversion. Importantly,
these results highlight that, while a farmer’s degree of risk aversion does impact optimal ir-
rigation behaviour, the effects of risk preferences on irrigation decision making are expected
to be substantially smaller than those resulting from reductions in well yield and groundwater
abstraction regulations.
Crop price
The influence of well yield on optimal irrigated area under different crop prices is shown in Figure
2.12 for the same seasonal groundwater allocations as in Figure 2.11. Significantly, Figure 2.12
demonstrates that the received crop price may have large effects on optimal irrigation decision
making. For all the three levels of seasonal groundwater allocation, a reduction in crop price
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Figure 2.11: Predictions of optimal irrigated area size (% of total 52.65 ha field) for different
well yields (m3 day-1) and levels of risk aversion, given seasonal groundwater allocations of: (a)
500,000 m3 yr-1; (b) 350,000 m3 yr-1; and (c) 200,000 m3 yr-1.
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to 80 % of the default value given in Table 2.3 (i.e., to $ 173.22 tonne-1) greatly increases the
range of well yields over which intraseasonal groundwater supply is a binding constraint on the
choice of irrigated area. If crop price is reduced even further, for example to 60 % of the default
value (i.e., to $ 129.91 tonne-1), irrigated production then becomes unprofitable irrespective of
intraseasonal or seasonal groundwater availability. On the other-hand, corresponding increases
in crop price to 120 % ($ 259.83 tonne-1) or 140 % ($ 303.13 tonne-1) have smaller impacts on
optimal size of irrigation area. This is because higher crop prices lead to greater overall profits,
but cannot eliminate the biophysical effects of limited instantaneous application rates on soil
moisture and crop yields. Contrastingly, lowering of crop price has a large impact on farmers’
irrigation behaviour as it reduces per-area revenues and, as a result, increases sensitivity to the
biophysical reductions in per-area crop yields that occur as well yields and instantaneous appli-
cation rates decline. This suggests that changes or volatility in crop or input prices could create
an additional layer of complexity in the response of farmers’ irrigation behaviour to constraints
on the availability of groundwater for irrigation.
Initial soil water content
The final variable analysed in the parameter sensitivity analysis is the initial soil water content
at the time of crop planting each year. In the model simulations described in Sections 2.4.1
and 2.4.2 the initial soil water content is assumed to be uniform and equal to 80% of soil water
holding capacity. Figure 2.13 illustrates how varying the initial soil water content value between
20% and 100% of soil water holding capacity affects the choice of optimal irrigation area given
the previously defined levels of seasonal and intraseasonal groundwater availability.
Figure 2.13a shows that when the seasonal groundwater allocation is high, reductions in
the initial soil water content lead to gradual declines in the optimal size of irrigated area for
a given well yield. However, as seasonal groundwater allocation is reduced (Figures 2.13b and
2.13c) the sensitivity of the relationship between well yield and irrigated area to initial soil
water content increases noticeably, in particular for well yields of greater than around 2500-3000
m3 yr-1. Under these water supply conditions, higher initial soil water contents lead farmers’ to
select larger irrigated area sizes, while lower soil water contents result in smaller optimal irrigated
areas. The reason for this divergence is that stored soil moisture at the start of the growing season
effectively provides a third source of water supply, in addition to precipitation and irrigation,
that can be used to meet crop water requirements during the growing season. Higher initial soil
water contents therefore reduce total irrigation requirements during the growing season, relaxing
the effect of seasonal abstraction limits and enabling farmers’ with access to higher yielding
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Figure 2.12: Predictions of optimal irrigated area size (% of total 52.65 ha field) for different
well yields (m3 day-1) and crop prices, given seasonal groundwater allocations of: (a) 500,000 m3
yr-1; (b) 350,000 m3 yr-1; and (c) 200,000 m3 yr-1. Each crop price is defined as a percentage of
the default crop price of $5.5 tonne-1 given in Table 2.3.
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Figure 2.13: Predictions of optimal irrigated area size (% of total 52.65 ha field) for different well
yields (m3 day-1) and initial soil water contents, given seasonal groundwater allocations of: (a)
500,000 m3 yr-1; (b) 350,000 m3 yr-1; and (c) 200,000 m3 yr-1. Each soil water content is defined
as a percentage of the root zone soil water holding capacity at planting
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wells to utilise their available instantaneous pumping capacity more effectively. Contrastingly,
the impact of variable initial soil water content is less pronounced when seasonal groundwater
allocations are large because any additional soil water storage is only sufficient to mitigate some
of water deficit impacts that arise from constraints on instantaneous application rates that apply
continuously throughout the entire growing season. However, it should be noted that the results
presented relate to farmers’ average optimal decision making whereas the importance of initial
soil water content may vary from year to year. In dry years, in particular, initial soil water
content may have greater effects on the response of optimal irrigation behaviour to available well
yield than is observed in Figure 2.13a, for example if the level of initial soil moisture leads to
significant differences in the duration of crop growth and, hence, the potential time available for
harvestable crop yield to develop.
2.4.4 Model comparison
The results obtained in Sections 2.4.1 and 2.4.2 are also compared to predictions of optimal irriga-
tion behaviour obtained when using existing crop-water production functions to predict irrigation
decision making. In doing so, it is possible to examine the ability of current formulation of the
crop-water production function to provide reliable predictions of field-level irrigation decisions
and to inform hydro-economic analysis of groundwater management and policy development.
Given a stochastic seasonal crop-water production function (Equation 2.3) as a benchmark
for existing models, Figures 2.14a and 2.14b illustrate how the optimal size of irrigated area and
total irrigation use, respectively, vary as a function of seasonal groundwater supply. For ease of
comparison, predictions obtained when using a stochastic intraseasonal crop-water production
function are only shown for a selection of well yields (9000, 4500, 3000, and 1500 m3 day-1).
The black dashed lines in Figure 2.14 show that when using an existing formulation of the
crop-water production function, water savings are predicted to initially be achieved through
intensive margin adjustments, followed by a permanent switch to extensive margin adjustments
for seasonal groundwater allocations of around 370,000 m3 yr-1 or less. This pattern of deficit
irrigation behaviour is almost identical to that predicted when using the stochastic intraseasonal
crop-water production function developed in this chapter given a very high well yield (e.g.,
9000 m3 day-1). However, as well yield is reduced there is an increasing divergence in model
predictions. Specifically, use of existing crop-water production functions leads to increasing
over-prediction of the optimal irrigated area for seasonal water allocations of around 150,000
m3 yr-1 or more. This result can be explained by the failure of existing crop-water production
functions to account for constraints on instantaneous application rates imposed by well yield,
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Figure 2.14: Predictions of optimal: (a) irrigated area (% of the total 52.65 ha field); and (b)
total irrigation use (1000 m3 yr-1); for different seasonal (1000 m3 yr-1) groundwater supply
restrictions. The black dashed line denoted “unlimited” refers to predictions from a stochastic
seasonal crop-water production function with unrestricted well yield. Contrastingly, the grey
lines denoted “9000 m3”, “4500 m3”, “3000 m3”, and “1500 m3” refer to predictions obtained when
using a stochastic intraseasonal crop-water production function assuming well yields of 9000,
4500, 3000, and 1500 m3 day-1 respectively.
which have been shown in Section 2.4.1 to be a key driver of changes in the optimal size of
irrigated area.
Over-prediction of the optimal size of irrigated area, in turn, has a significant effect on
predictions of the expected field-level profitability of irrigated production. Figure 2.15 shows
that the inability to capture the large extensive margin adjustments in response to reduced well
pumping capacity leads to over-prediction of certainty equivalent values for moderate to high
seasonal groundwater supplies. Indeed, the maximum certainty equivalent value estimated using
a stochastic seasonal crop-water production function is 56 % higher than those given when using
a stochastic intraseasonal formulation of crop-water production function for a well yield of 4500
m3 day-1. This difference expands further to 134 % given a well yield of 3000 m3 day-1, and 368
% for a well yield of 1500 m3 day-1.
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Figure 2.15: Predictions of optimal certainty equivalents (1000 $ yr-1) for different seasonal (1000
m3 yr-1) groundwater supply restrictions. The black dashed line denoted “unlimited” refers to
predictions from a stochastic seasonal crop-water production function that assumes unrestricted
well yield. Contrastingly, the grey lines denoted “9000 m3”, “4500 m3”, “3000 m3”, and “1500
m3” refer to predictions obtained when using a stochastic intraseasonal crop-water production
function for well yields of 9000, 4500, 3000, and 1500 m3 day-1 respectively.
2.4.5 Implications
The results presented in this chapter highlight the importance of accounting for the structure
and variables that influence farmers’ individual field-level irrigation choices when attempting to
model irrigation decision making and profitability. It has previously been concluded that deficit
irrigation may be an optimal adaptation to water supply restrictions in agriculture (e.g., English
(1990); English et al. (2002); Fereres and Soriano (2007); Evans and Sadler (2008); Geerts and
Raes (2009); Wang and Nair (2013)). However, here it is shown that, in areas where groundwater
is the main water supply source, the optimality of deficit irrigation is only valid for farms with
access to high yielding abstraction wells. When well yield is incorporated into predictions of field-
level decision making, it is demonstrated that the value of deficit irrigation as an adaptation to
limited groundwater availability and extreme climate is greatly reduced. Specifically, as well yield
declines partial-area irrigation becomes increasingly optimal due to the impacts of constraints on
instantaneous application rates on per-area crop yields and profits. This finding is comparable to
the results obtained by Baumhardt et al. (2009) for cotton production in Texas, who show that
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low instantaneous application rates increase the optimality of partial-area irrigation. However,
their analyses only consider three field partitioning scenarios, limiting the conclusions that can be
drawn from the study. In addition, Baumhardt et al. (2009) also neglect to analyse the impacts
of interactions between constraints on instantaneous application rates, seasonal groundwater
supply restrictions and other factors influencing production decisions, such as risk aversion, that
the findings of this chapter demonstrate can have significant effects on the magnitude of well yield
impacts on optimal decision making. Similarly, in another recent study of cotton in Texas, Nair
et al. (2013) also show that field partitioning into irrigated and dryland portions can be optimal
under conditions of limited water availability. However, their results do not fully account for
the impact of well yield on optimal irrigation behaviour as they focus on restrictions to seasonal
water supply and do not explicitly impose limits on instantaneous application rates within the
growing season.
The results of this study also have implications for the use of integrated modelling for ground-
water management and policy development. Integrated modelling frameworks currently used to
study problems of irrigation-induced aquifer depletion (e.g., Schoups et al. (2006); Harou and
Lund (2008); Maneta et al. (2009); Brozović et al. (2010); Bulatewicz et al. (2010); Varela-Ortega
et al. (2011); Steward et al. (2013)) do not adequately account for the impact of well yield on in-
dividual agricultural production decisions or the dynamic trajectory of well yield with changes in
aquifer storage and saturated thickness. The dynamic co-evolution of the coupled human-water
system is not modelled in this chapter, and will be addressed in detail in subsequent chapters.
However, the explicit analyses presented indicate that the failure of existing crop-water produc-
tion functions to account for the impacts of declining well yields may limit the applicability of
current hydro-economic modelling frameworks to predict future groundwater system trajectories
and the effectiveness of different policy options. Specifically, the results suggest that existing
model projections will underestimate the negative impacts of reductions in groundwater water
levels and storage volumes on both rural economies and food security.
Given the complex nonlinear relationships between groundwater levels, well yield, and irri-
gation decision making, it is hypothesised a number of system thresholds affecting the ability to
sustain irrigated agriculture may exist. Managing the nonlinear effects of reductions in aquifer
storage on well yields therefore may have significant economic and societal value that has not
been captured by previous integrated assessments. Of course, in some cases maintaining well
yield will be infeasible, for example if recharge rates are limited and groundwater resources effec-
tively are being mined. However, even in these circumstances, the modelling approach developed
in this chapter will still provide a useful basis for assessing the impact of policy alternatives on the
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rate of well yield decline, and hence the usable lifetime of groundwater resources for agricultural
production. The exact nature of policies that could be applied to manage well yields will vary
depending on local conditions. Potential options could include the use of adaptive regulations
that are linked to changes in observed well yields, technological improvements such as variable
rate irrigation to reduce water use in areas of long-term regional groundwater overdraft, or the
introduction of restrictions on the spacing or density of wells in areas where local groundwater
pumping externalities have large impacts on irrigated agriculture.
2.4.6 Model limitations
It is important to discuss some limitations of the developed model and the potential implications
of these simplifications.
First, the economic model of producer decision making (Section 2.2.3), assumes that the
portion of the field that is not irrigated has no economic value and that the farmer may only
choose one crop type (corn). Whilst this specification reduces the computational demands of
the final model, it is clearly an unrealistic representation of true practices. A farmer may be
able to extract value from the non-irrigated area using rainfed production or through other
payments (e.g., for environmental services). However, it is not expected that adding non-irrigated
production choices in conjunction with irrigated production would qualitatively alter the findings
of reported in this chapter. Indeed, Nair et al. (2013) show that the positive marginal value
of the non-irrigated production area plays a role in increasing the optimality of partial-area
irrigation under conditions of reduced seasonal water supply. Similarly, incorporating potential
choices of alternative crop types that have lower total and/or peak water requirements would be
expected to strengthen the observed reduction in irrigated area devoted to water-intensive crops,
such as corn, as groundwater supply becomes increasingly constrained. Nevertheless, neglecting
these potentially important behavioural responses to reduced groundwater availability highlights
that the exact quantitative predictions given in this chapter have to be interpreted with care.
Specifically, the results obtained probably represent a worst-case scenario, the economic impacts
of which may be partially mitigated by additional behavioural responses such as changing crop
mix.
A further simplification of the developed modelling framework is the assumption that the
intensive margin decision can be characterised by the choice of a constant soil moisture target
for the entire growing season. Research has shown that the optimal level at which soil moisture
should be maintained in fact differs intraseasonally (Doorenbos and Kassam, 1979; Geerts and
Raes, 2009; Payero et al., 2009) as the degree of crop sensitivity to water stress varies according
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to crop phenology. Soil moisture target strategies that vary intraseasonally have been developed
and modelled for a number of locations, including the High Plains Aquifer region (Heeren et al.,
2011), but these strategies have yet to be incorporated into economic models of irrigation deci-
sion making. Whilst there is potential to extend the intensive margin decision of the modelling
framework described in this chapter to incorporate these variable deficit irrigation strategies, it
is not anticipated that this modification would significantly alter the optimality of predicted ex-
tensive margin adjustments. This assertion is supported by research indicating that the viability
of deficit irrigation as an adaptation to limited water availability is predicated on the ability
to supply irrigation to the crop at an unlimited rate during the most sensitive growth stages
(Fereres and Soriano, 2007; Geerts and Raes, 2009). Low well yields, which limit instantaneous
irrigation application rates throughout the entire growing season, therefore will reduce the ability
to manage soil moisture levels optimally during critical growth stages, resulting in adoption of
extensive margin adjustments to increase potential instantaneous application rates and per-area
crop yield and total profits. However, it should be noted that time-varying deficit irrigation
strategies may allow farmers to adapt more effectively to regulatory groundwater supply restric-
tions. As regulatory constraints are imposed at an aggregate seasonal scale, deficit irrigation
may enable farmers to prioritise the allocation of limited groundwater abstraction quotas to the
most drought-sensitive crop growth stages while reducing applications and soil moisture levels
at other points in the growing season. Consequently, optimal irrigated area and profits under
regulatory groundwater supply restrictions may be larger than predicted in this chapter (Figures
2.9 and 2.10) provided that well yield is non-limiting.
Finally, while the modelling framework developed is generalisable to different settings it
should be noted that, as with any case study application of a model, the exact quantitative
model results are specific to the chosen case study for which the model was parameterised. The
sensitivity analysis in Section 2.4.3 illustrates that the impact of well yield on irrigated area
is influenced by a number of variables, including the degree of risk aversion, crop price, and
initial soil water content. Other variables that have not been explicitly analysed in this chapter,
such as spatial variations in climate and soil texture, may also influence the response of optimal
irrigation decision making to changing groundwater availability. For example, Heeren et al. (2011)
have shown in the High Plains region that the well yield threshold at which reductions in corn
yields are expected, and at which irrigation decision making therefore may be affected, varies as a
function of spatial variations in climate and soil type that influence irrigation water requirements.
Furthermore, farmer response to well yield will be influenced by the local context surrounding
groundwater management. The developed model of irrigation decision making assumes a farmer
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is unable to improve well yield (e.g., by drilling a deeper well or changing pump type). For the
Ogallala Aquifer this is realistic as drilling of new wells generally is unfeasible due to well drilling
moratoriums or because wells are already sunk at substantial depths. In other areas of the world
farmers may be able to maintain irrigated area by drilling deeper wells to boost pumping capacity,
and in these settings the model developed in this chapter may need to be adapted to consider this
additional component of economic decision making and the cost it imposes. However, it should
be noted that drilling deeper wells may quickly become financially prohibitive for smallholder
farmers (e.g., Janakarajan and Moench (2006)) and/or well yield gains may be restricted by
geological constraints (e.g., MacDonald et al. (2012)). As exemplified by the historic expansion
of well drilling in the Texas High Plains (Colaizzi et al., 2009), drilling increasingly deeper wells is
also likely simply to postpone the effects of declining well yields on irrigated area if groundwater
use continues at unsustainable rates. Importantly, this discussion highlights that local variability
in model parameters and institutional contexts will influence when, and not if, well yield becomes
a binding constraint on irrigation decision making. The modelling framework developed in this
chapter therefore can be valuable for studying groundwater-fed irrigation across a wide range of
settings.
2.5 Conclusions
In this chapter, a behavioural modelling framework has been developed to predict farmers’ field-
level irrigation decision making under conditions where the availability of groundwater for irriga-
tion may be limited. The model uses a dissagregated approach to represent a farmers’ individual
choices about land and groundwater use, and considers how these decisions are structured across
seasonal and intraseasonal timescales. The discussion in Section 2.1 has highlighted that dis-
tributed modelling approaches, such as agent-based models, increasingly are being utilised to
improve the representation of farmers’ local-level decision making in integrated hydro-economic
analysis. However, the modelling approach developed in this chapter is unique as it captures a
number of key factors influencing the farmers’ actual field-level groundwater use decisions that
have not been considered adequately in previous distributed or centralised models. Specifically,
the model incorporates a novel stochastic intraseasonal crop-water production function that rep-
resents explicitly both intraseasonal irrigation scheduling heuristics and the impacts on crop
production of variability in weather and well yields. Moreover, by applying the developed crop-
water production function within a realistic utility maximisation framework, the model captures
the observed temporal structure of farmers individual irrigation planning, with decisions about
irrigated area made pre-season under uncertain expectations about future weather conditions
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and irrigation water requirements.
Solving the model for a case study of centre-pivot irrigated corn production in the Texas High
Plains region of the United States, it is shown that optimal field-level irrigation behaviour exhibits
complex nonlinear responses to reductions in groundwater supply. Most notably, instantaneous
application rate constraints imposed by low well yields are shown to induce large reductions in the
optimal size of irrigated area and, consequently, in expected field-level profitability. Significantly,
it is demonstrated that existing model formulations used to predict agricultural groundwater
demand are unable to capture these behavioural responses as they do not adequately account for
the impacts on farmers’ production decisions of intraseasonal supply constraints introduced by
low well yields. The results presented in this chapter imply, therefore, that a failure to account for
increasing constraints on intraseasonal groundwater supply due to declining well yields will lead
existing hydro-economic models to underestimate the negative impacts of groundwater depletion
on food production systems and rural economies. This has important implications, suggesting
that managing aquifer storage and saturated thickness at levels necessary to preserve well yield
may have significant value that has been ignored in previous analyses. Finally, these findings also
indicate that the nonlinear relationships between well yield and irrigated agricultural production
may create a number of system thresholds that, once crossed, will rapidly magnify the potential
damages that agricultural production will incur from groundwater depletion.
The analyses presented in this chapter represent a static, explicit prediction of the impacts of
groundwater supply constraints on field-level irrigation decision making. However, in reality, the
coupled human-water system and its components will dynamically co-evolve over time (Sivapalan
et al., 2012), affecting the trajectory of changes in both the groundwater system and agricultural
production. Furthermore, variability in irrigation decision making and the resultant impacts
on the groundwater system will be influenced not only by available well yield, but also by
potential changes in other biophysical and socio-economic aspects of the coupled system. For
example, reductions in aquifer storage volumes and water levels will also increase the costs of
pumping groundwater for irrigation (Koundouri, 2004). The research presented in Chapter 3
therefore will seek to use the model of irrigation decision making that has been developed in
this chapter to compare the impacts of well yield with other potential determinants of farmers’
individual irrigation decision making, such as changes groundwater pumping costs. Subsequently,
the insights gained from this analysis will be used to refine the model developed in this chapter
and integrate it within a broader hydro-economic modelling framework in order to generate
new knowledge about the factors influencing the dynamic co-evolution and sustainability of
agricultural groundwater systems. (Chapter 4).
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Chapter 3
Assessment of feedbacks between
groundwater and agricultural
production
In order to use integrated models to guide groundwater management, it is important to un-
derstand the feedbacks that occur between the hydrogeological system and irrigation decision
making. Despite this, at present, there is an incomplete understanding of how dynamic changes
in groundwater storage will affect farmers’ irrigation decisions. Specifically, hydro-economic
research commonly has assumed that changes in pumping lifts and costs will constitute the pri-
mary impact of groundwater depletion for farmers. However, the findings presented in Chapter
2 suggests that well yield may also be a significant driver of changes in irrigation demand.
In this chapter, an overview is provided of the existing evidence describing the impacts of
well yield and groundwater pumping lift on agricultural water demand. Subsequently, empirical
analysis of observation data and numerical simulations for case studies in Nebraska, United
States, are presented to compare the relative impacts of changes in well yield and groundwater
depth on irrigation decision making and profitability. The results indicate that, contrary to the
assumptions made in existing hydro-economic analysis, changes in well yield rather than depth
to groundwater are likely to be the dominant effect of groundwater storage variation on irrigated
agriculture. This suggests that hydro-economic models should consider a more complex range
of feedbacks between agricultural production and the hydrogeological system when seeking to
predict future system trajectories and resilience.
The material in this chapter is adapted from work presented in Foster, T., Brozović, N., and
Butler, A. P. (2015a). Analysis of the impacts of well yield and groundwater depth on irrigated
agriculture. Journal of Hydrology, 523:86–96. doi:10.1016/j.jhydrol.2015.01.032.
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3.1 Literature review
As highlighted in Section 1.2, hydro-economic models can be useful tools to assess the effective-
ness and value of different policies to promote more sustainable management of groundwater
resources and avoid negative impacts of aquifer depletion on long-term agricultural productivity
and rural economies. In particular, integrated hydro-economic models are able to represent the
feedbacks between agricultural production decisions at the land surface and the underlying hy-
drogeological system. The decision on how to mathematically represent these feedbacks therefore
is a key decision when designing a hydro-economic modelling framework.
Hydro-economic models typically represent the economic feedback from changing groundwa-
ter storage in terms of changes in the depth to groundwater (Koundouri, 2004). As the water
table is lowered, the energy required to lift groundwater to the surface is raised. Consequently,
the cost of pumping groundwater increases approximately linearly with changes in water table
depth in groundwater-fed irrigation systems where energy costs are the sole, or primary, com-
ponent of water price. However, the degree to which irrigation water demand is responsive to
changes in water price is widely debated in the literature. Water pricing has been suggested
as an possible means of reducing irrigation water use and achieving sustainable water resources
management (Molle and Berkoff, 2007). Nevertheless, an extensive body of literature indicates
that the price elasticity of irrigation water demand, which indicates the proportional changes
in irrigation demand for a given change in price, is in fact inelastic and, therefore, unlikely to
respond strongly to price signals.
Using a meta-analysis of 24 studies conducted in the United States since 1963, Scheierling
et al. (2006) found that the estimated price elasticity of irrigation water demand was, on average,
relatively inelastic at -0.48. Comparable results have also be found by others authors. In an early
econometric study, Moore et al. (1994) used data from irrigated farms in the western United
States to estimate the price elasticity of groundwater irrigation demand. Moore et al. (1994)
found irrigation water demand to be highly price inelastic, with an estimated elasticity ranging
between -0.03 and -0.10. Similarly, Hendricks and Peterson (2012) and Pfeiffer and Lin (2014),
both using econometric approaches based upon field-level data for wells overlying the High Plains
Aquifer in Kansas in the United States, estimated elasticity to be -0.10 and -0.26 respectively,
and suggest that irrigation water demand therefore will respond slowly to water price increases.
While the majority of the available evidence indicates that irrigation water demand shows
only limited responsiveness to changes in water price, some studies have found higher estimated
price elasticities of irrigation water demand. For example, Schoengold et al. (2006) used an
econometric panel estimation approach based on 7 years of spatially dissagregated water use
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data in the San Joaquin Valley in California, United States. The authors showed that farmers
response to water price occurs on both the intensive margin, via adjustments in intraseasonal
per-area irrigation intensity, and the extensive margin, through changes in irrigated area and crop
selection. Estimates of the price elasticity of irrigation demand obtained by Schoengold et al.
(2006) are higher than many other previous studies, with elasticity estimated to be around -0.79
of which between -0.18 and -0.42 was the estimated intensive margin elasticity and -0.37 was the
estimated extensive margin response. This highlights that higher responsiveness to price signals,
although still inelastic, may occur when also considering farmers long-run decisions related to
crop type, land allocation or irrigation technology choices. Scheierling et al. (2006) also drew
similar conclusions from their meta-analysis study, showing that higher elasticities are found in
studies including long-run analysis and when using mathematical programming and econometric
approaches, whereas lower elasticities are found for studies that use field experimental methods
that generally only account for the short-run, intensive margin component of price elasticity.
Furthermore, the price elasticity of irrigation water demand has also been shown to be more
elastic for higher water prices (Scheierling et al., 2006). However, de Fraiture and Perry (2007)
note that it is unlikely that such high water prices would be imposed in practice due to the large
welfare impacts that this would create for resource users.
It is clear that, although variability in estimated price elasticities exists, irrigation water
demand generally appears to be exhibit only small responses to price signals. As a result, it
would be expected that groundwater-fed irrigation water demand would be relatively insensitive
to changes in groundwater pumping costs that occur as water tables are lowered by extraction
(Hendricks and Peterson, 2012). Contrastingly, the findings shown in Chapter 2, along with
other anecdotal and empirical evidence (O’Brien et al., 2001; Peterson and Ding, 2005; Lamm
et al., 2007; Wines, 2013), indicate that reductions in well yield may induce large changes in irri-
gation use on both the extensive and intensive margins due to the impacts of low well yields on
intraseasonal groundwater availability. This calls into question whether hydro-economic models,
which are actively being used to inform groundwater management and policy development, are
focused on the correct hydrogeological variables and are capturing the important feedbacks be-
tween natural and human components of coupled agricultural groundwater systems. To address
this question, in this chapter a combination of empirical analysis of observation data and numer-
ical simulations are used to evaluate the relative effects of changes in groundwater pumping lifts
and well yields on irrigation demand and profitability. The methods used in these analyses are
described in the following section, and the results are reported and discussed in Section 3.3 to
inform the subsequent development of a new integrated modelling framework in Chapter 4.
75
3.2 Methodology
In this section the methods that are used to evaluate the impact of groundwater pumping lifts
and well yields on farmers’ optimal irrigation decision making are described. Section 3.2.1 focuses
on the empirical data and methods, while Section 3.2.2 describes the numerical simulations and
how they build on the model of irrigation decision making that is developed in Chapter 2.
3.2.1 Empirical data analysis
Observed relationships between irrigation decision making and both groundwater depth and well
yield, are developed using data obtained from the Nebraska Department of Natural Resources
Groundwater Wells Database (Nebraska Department of Natural Resources, 2014). Specifically,
data are extracted for active irrigation wells located within the Republican River Basin (Figure
3.1) that account for 10,673 of the total 215,058 wells recorded in the database. For each well,
the database provides information about the location of the well in the form of geographic
coordinates, the date of well installation, the area that is irrigated using the well, and the well
yield, pumped and static groundwater levels recorded at the time the well was installed.
Figure 3.1: Maps showing the boundary of the Republican River Basin within the contiguous
United States (box), and the location of the 10,673 active irrigation wells within the Nebraska
portion of the basin (main).
The reported irrigated area supplied by each well was verified during the certification process
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of the Republican River Compact Agreement (RRCA) (McKusick, 2002) that resulted from a
multi-state legal dispute between the states of Nebraska, Kansas, and Colorado. Importantly, the
irrigated areas reported in the database therefore represent a reliable estimate of actual irrigated
areas in a period before the introduction of water use restrictions in the basin that are likely to
have led to changes in irrigation practices that not related directly to hydrogeological conditions.
The analysis presented in this chapter will use the pumped groundwater level records, rather
than static water levels, as a metric of groundwater pumping lift and costs for each well. This is
because static water levels, which do not consider the additional drawdown that occurs during
pumping, will underestimate the lift, and associated energy cost, of raising groundwater to the
surface for irrigation. However, it should be highlighted that the pumped groundwater level is
also not a perfect metric for total groundwater pumping lifts and costs. In reality, the energy
costs of groundwater pumping are a function of total dynamic head that depends on not only the
pumped groundwater level (suction lift), but also on the head equivalent of the pressure needed
to apply irrigation to the field (pressure head) and the head equivalent needed to overcome the
pressure losses due to friction effects (friction head) (Boonstra and Soppe, 2006). However, the
groundwater wells database contains no information about the spatial variability in the operating
pressure or friction losses of irrigation systems supplied by each individual well and, therefore, it
is not possible to account for these factors in the empirical analysis presented in this chapter.
Before the data obtained for the 10,673 wells can be used to estimate observed relationships, a
number of data processing steps are conducted. First, for a number of the wells in the Republican
River Basin the pumped groundwater level (922 wells) or well yield (273 wells) is reported as
zero. Given that other information appears to be reported correctly for these wells, for example
certified irrigated area is positive and non-zero, it is assumed that this is a reporting error.
To correct this, the pumped groundwater level and/or well yield for these wells is set equal to
the value given by the nearest neighbouring well within a distance of 1 km. Subsequently, the
reported well yield for all 10,673 wells is modified using the adjustment given in Equation 3.1.
Equation 3.1 was developed as part of the RRCA to adjust well yields based on a comparison
of actual metered pumping rates and the registered pumping rates reported in the Groundwater
Wells Database (Koester, 2004). This calibrated adjustment is necessary as registered pumping
rates are based on short duration well pumping tests that overestimate the actual well pumping
capacity that can be sustained during longer periods of pumping (e.g. over a period of several
days to a full growing season) (Koester, 2004).
C =
1.3842 · Creg
(1 + 7.5023 · 10−4) · Creg (3.1)
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where C is the actual well yield after adjustment (m3 day-1), and Creg is the registered well yield
(m3 day-1) reported in the groundwater wells database.
Finally, a number of additional variables not reported in the groundwater wells database are
also estimated for each well. Percentage soil sand is estimated as a proxy for soil type by com-
paring the geographic location of each well with a weighted average of the soil textural properties
in the upper 1.5 m of the soil column as reported in the SSURGO soil dataset (U.S. Department
of Agriculture Natural Resources Conservation Service, 2014) (Figure 3.3). In addition, distance
to the nearest major perennial stream is calculated by comparing well location with the stream
network distribution given in the National Hydrography Dataset (U.S. Geological Survey, 2014)
(Figure 3.2).
Figure 3.2: Map showing the location of major perennial streams within the Nebraska portion
of the Republican River Basin.
Using the processed groundwater wells database, observed relationships between the area
irrigated from each well, which is used as an indicator of farmers’ irrigation decision making,
and both well yields and pumped groundwater levels are evaluated. Fitted relationships between
these variables are developed in Matlab (Mathworks Inc., 2013) using a robust locally weighted
scatter plot smoothing (LOWESS) procedure, with a span of 0.2 that indicates that 20% of the
total 10,673 data points are used in the generated of each local fitted value. Fits are created
using both the full set of 10,673 wells, and also for data subsets sampled based on the distance
to the nearest major perennial stream (1 km, 2 km, 3 km) and on the quartiles of percentage
soil sand, longitude, and date of well installation (Table 3.1) to investigate the impact of these
additional observed variables on the fitted relationships. The impact of distance to a stream is
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Figure 3.3: Map showing the spatial variation in soil percentage sand within the Nebraska portion
of the Republican River Basin.
considered to account for potential conjunctive use of surface water resources for irrigation that
could bias the total irrigated area supplied by groundwater. The effect percentage soil sand is
chosen to capture the impact of variations in soil type, as sandy soils have low soil water storage
potential and, therefore, typically require higher rates of irrigation to maintain sufficient soil
moisture levels for crop growth. Contrastingly, longitude is evaluated as a proxy for climate
variability as a strong east to west climate gradient exists across the Republican River Basin
with average precipitation in the east of the basin greater than 825 mm yr-1 compared to less
than 450 mm yr-1 in the far west of the basin (Houston et al., 2013). Finally, the impact of
well installation date is evaluated as observed well yields and pumped groundwater levels were
recorded at the time of well installation and, hence, the relationships generated using the full set
of 10,673 wells could be biased by older well records if significant changes in these variables has
occurred since the time of installation due to aquifer depletion or inadequate maintenance of the
pumping equipment.
3.2.2 Numerical simulations
Empirical analysis provides a mechanism for investigating observed relationships between hydro-
geological variables and irrigation decision making. However, determining causal relationships
between aquifer conditions and irrigation decision making is difficult due to data constraints and
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Table 3.1: Lower bounds for quartiles of percentage sand, longitude, and well installation date
used to define well data subsets
Quartile Sand (%) Longitude (◦) Installation date (year)
1 0 -102.06 1938
2 9.1 -101.50 1971
3 13.5 -100.42 1976
4 62.3 -99.41 1991
the inability to isolate completely effects of confounding variables. In order to further evalu-
ate the relationships between irrigation decision making and both well yield and groundwater
pumping lift, it is necessary, therefore, to conduct numerical simulations.
Model parameterisation
To simulate numerically the effects of well yield and depth to groundwater on optimal field-level
irrigation decision making, the Matlab-AquaCrop model first is parameterised for a case study
of centre-pivot irrigated corn production in Chase County, located within the upper portion
of the Republican River Basin in Nebraska. As previously noted, crop growth parameters in
AquaCrop may be considered to be conservative, and therefore independent of location or growing
conditions, or user-specific (Steduto et al., 2009; Raes et al., 2012). In this analysis, conservative
crop parameters are identical to those used in Chapter 2 and in previous applications of AquaCrop
to corn production in the United States (Heng et al., 2009; Hsiao et al., 2009; Mebane et al., 2013).
User-specific crop parameters are defined in order to be representative of typical corn production
conditions in Chase County, and the final values adopted are summarised in Table 3.2. The
specification of the maximum effective rooting depth as 1.7 m is based on the values that are
reported for field experiments performed in the region by Payero et al. (2006). The crop planting
date is specified as May 1 each year with a planting density of 74,132 plants ha-1, characteristic of
average production practices in the region (U.S. Department of Agriculture National Agricultural
Statistics Service, 2010). The time to maturity and flowering are determined using values given
in the Dekalb Seed Resource Guide for a common corn cultivar grown in the county (Dekalb,
2014). The time for other growth stages, such as the time to emergence and senescence, and
the duration of flowering, is determined on the basis of these values and the specified parameter
ranges suggested in the AquaCrop model documentation Raes et al. (2012).
It is important to note that the number of growing degree days that must be accumulated
to reach flowering and physiological maturity given in Dekalb (2014) assumes a base tempera-
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ture (i.e., the daily temperature below which no growing degree accumulation occurs) of 10◦C.
Contrastingly, AquaCrop uses a base temperature of 8◦C in its calculation of growing degree
accumulation for corn development (Raes et al., 2012). The values of time to flowering and
physiological maturity given in Table 3.2 therefore are calculated by adjusting the original values
reported in Dekalb (2014) using the following four step procedure:
1. First, the cumulative accumulation of growing degree days from the time of planting (May
1) is calculated for each year of a 32 year weather time series recorded at Champion in
Chase County, assuming a base temperature of 10◦C.
2. For each year, the calendar date on which flowering and physiological maturity is reached
is then recorded.
3. Calculations of the cumulative accumulation of growing degree days in each year are then
repeated, this time assuming a base temperature of 8◦C.
4. Finally, the number of growing degree days required to reach flowering and physiological
maturity are determined by taking the average of the accumulated growing degree days, as
calculated in step 3, on the corresponding calendar days in each year that were identified
in step 2.
Table 3.2: User-specific crop parameters for AquaCrop in Chase County, Nebraska.
Parameter Value
Time from planting to 90% canopy emergence (GDD) 75
Time from planting to start of flowering (GDD) 850
Duration of flowering (GDD) 190
Time from planting to start of canopy senescence (GDD) 1420
Time from planting to physiological maturity (GDD) 1670
Maximum effective rooting depth (m) 1.7
The Matlab-AquaCrop model also requires values for soil hydraulic properties to be defined.
The dominant soil type in Chase County, a Rosebud-Canyon loam soil, is identified by comparing
historic corn production areas for the years 2009-2013 (U.S. Department of Agriculture National
Agricultural Statistics Service, 2014) with the spatial distribution of soil types within the county
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(U.S. Department of Agriculture Natural Resources Conservation Service, 2014). The Rosebud-
Canyon loam soil type has typical textural properties of 43 % sand, 21 % clay, 36 % silt, and
an organic matter content of 1.27 %. These values are applied within the pedotransfer function
model of Saxton and Rawls (2006), yielding soil hydraulic properties for AquaCrop as described
in Table 3.3. In addition to these values, it is assumed that irrigation efficiency is equal to 90%,
indicative of the typical efficiency of a well maintained centre-pivot irrigation system, and that
soil moisture levels at the start of each growing season are uniformly equal to 85% of total soil
water holding capacity (Grassini et al., 2010).
Table 3.3: Soil hydraulic properties for AquaCrop in Chase County, Nebraska.
Parameter Value
Water content at permanent wilting point (m3 m-3) 0.135
Water content at field capacity (m3 m-3) 0.265
Water content at saturation (m3 m-3) 0.425
Saturated hydraulic conductivity (mm day-1) 262
Simulation of irrigation decision making
The parameterised Matlab-AquaCrop model is used to generate stochastic intraseasonal crop-
water production functions using the methodology described in Section 2.2.2. These simulations
use the 32 year time series of daily weather data recorded at Champion in Chase County, Ne-
braska, which was used previously to estimate AquaCrop phenological parameters. The weather
station at Champion is part of the High Plains Regional Climate Centre’s Automated Weather
Data Network (High Plains Regional Climate Center, 2014), and provides daily values of pa-
rameters needed to run AquaCrop including maximum temperature, minimum temperature,
precipitation, and estimated reference evapotranspiration computed using a Penman combina-
tion equation that has been developed for weather conditions in Nebraska (Kincaid and Heerman,
1977). Stochastic crop-water production functions are created for different intraseasonal maxi-
mum daily irrigation rates, ranging from 0.1 mm to 20 mm in increments of 0.1 mm to capture
a range of conditions from effectively no irrigation potential to an irrigation application level
necessary to satisfy full crop water requirements on every day of all growing seasons.
The generated stochastic intraseasonal crop-water production functions are applied within
a modified version of economic model of producer decision-making developed in Section 2.2.3
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in order to predict optimal pre-season irrigation decision-making for different well yields and
groundwater pumping lifts. As in Chapter 2, the profit-maximising soil moisture target, and the
associated profit and volumetric irrigation use, are calculated for each year of the production
function and each possible irrigation area size, subject to a specified constraint on total seasonal
volumetric irrigation use. Potential irrigation area is assumed to range from 0 ha to 52.65 ha in
0.405 increments. These calculations are performed using Equation 3.2 below, which builds on
Equation 2.7 in Chapter 2 by accounting explicitly for the impact of both total dynamic head,
L, and well yield, C, on the variable cost of irrigation water, cwat.
[
M∗a,i, pi
∗
a,i, G
∗
a,i
]
= max
M
{[
Ya,i (M,Ωi | Aa, C) · (pcrp − chrv)− cfxd (3.2)
−Wa,i (M,Ωi | Aa, C) · cwat (C,L)
] ·Aa}
subject to:
Wa,i ·Aa = Ga,i ≤ V
where pi∗a,i, G
∗
a,i, M
∗
a,i, Ya,i, andWa,i are the estimates of the maximised profit, profit-maximising
volumetric seasonal irrigation use, profit-maximising soil moisture target, per-area crop yield, and
per-area total seasonal irrigation use, respectively, on irrigated area a for year i of the stochastic
intraseasonal crop-water production function, Ωi is a vector of daily weather variables used to
generate year i of the stochastic intraseasonal crop-water production function, Aa is the irrigated
area size, pcrp is the crop price, chrv is the cost of harvesting the crop, cfxd are the fixed costs of
production, cwat are the variable costs of irrigation, C is the well yield, L is the total dynamic
head, and V is the regulatory restriction on total volumetric seasonal groundwater supply.
The variable cost of irrigation water as a function of the specified well yield and total dynamic
head, cwat(C,L), is calculated as described in Equations 3.3-3.7. As shown in Equation 3.5, the
energy cost to pump a unit of groundwater for irrigation is dependent on the total dynamic head
that must generated and an energy factor parameter, ef , that defines the relationship between
diesel usage and total dynamic head. Contrastingly, well yield affects the labour, clab, and repair
and maintenance, crm, costs of irrigation water as well yield controls the total time the centre-
pivot must be operated to apply a unit of irrigation. The economic model parameter values that
are used in these calculations are summarised in Table 3.4. The values are sourced from the
Nebraska Crop Budget Reports (Klein and Wilson, 2013), averaged over the years 2010-2013,
with the exception of crop price that is obtained from U.S. Department of Agriculture National
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Agricultural Statistics Service (2014) as an average of the values reported for the same years.
cwat (C,L) = clab (C) + ceng (L) + crm (C) + cint (C,L) + cown (3.3)
clab (C) =
lf
C
· plab (3.4)
ceng (L) = (ef · L) · peng (3.5)
crm (C) =
crm,irr
C
(3.6)
cint (C,L) = (clab (C) + ceng (L) + crm (C)) · IR
100
(3.7)
where ceng are the variable irrigation energy costs, clab are the variable irrigation labour costs,
crm are the variable costs for repair and maintenance of the centre-pivot irrigation equipment, citr
are the interest payments on variable irrigation costs, cown are the ownership costs for irrigation
equipment and machinery, peng is the price per unit of energy, ef is the energy factor defining
the units of energy used per unit of total dynamic head, plab is the labour price per unit time, lf
is a dimensionless labour factor, crm,irr are the costs for repair and maintenance of the irrigation
system per unit time the irrigation system is operated, and IR is the percentage interest rate.
As described in Chapter 2, repeatedly solving Equation 3.2 for each year of the production
function generates profit and volumetric irrigation use distributions for each potential choice
of irrigated area. Using these distributions and assuming γ equal to zero to represent a risk
neutral farmer, the optimal irrigated area, A∗, for a given combination of well yield and total
dynamic head is determined by maximising the certainty equivalent with respect to the choice
of irrigated area (Equation 3.8). Equation 3.8 is identical to Equation 2.9 used in Chapter 2,
with the exception that the optimal irrigation strategy is now estimated conditional on both
well yield and total dynamic head. In turn, optimal volumetric irrigation use is determined by
taking the expectation of the volumetric irrigation use distribution calculated by Equation 3.2
for the optimal size of irrigated area, and expected profits are defined according to the maximised
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certainty equivalent value.
A∗ = max
A
{
E [pi∗ (A | C,L, V,M∗)]− 0.5 · σ
2
pi∗ (A | C,L, V,M∗) · γ
E [pi∗ (A | C,L, V,M∗)]
}
(3.8)
where A∗ is the optimal size of irrigated area, σ2pi∗ is the variance in profits, and γ is the Arrow-
Pratt coefficient of relative risk aversion.
The economic optimisation procedure summarised above is repeated for different total dy-
namic head values, ranging from 3 m to 150 m in 3 m increments, and well yields, discretised
from 0 to 8000 m3 day -1 in increments of 100 m3 day -1. For each individual simulation, the
value of the other hydrogeological variable is set to a non-limiting level (3 m for total dynamic
Table 3.4: Parameter values for economic model of producer irrigation decision making in Chase
County, Nebraska.
Parameter Value
Corn price ($ tonne-1) 222.44
Fixed Costs ($ ha-1)
Seeds 215.54
Insecticide 18.15
Herbicide 113.61
Fertilizer 295.51
Spraying 42.42
Field operations 279.51
Crop insurance 61.78
Variable Costs
Irrigation fuel ($ L-1) 0.91
Irrigation labour ($ hr-1) 16
Repair and maintenance of irrigation equipment ($ hr-1) 3.32
Ownership of irrigation equipment ($ ha-cm-1) 1.40
Crop drying and harvesting ($ tonne-1) 31.50
Other Parameters
Interest rate (%) 5
Labour factor 0.0625
Energy factor (L m-1) 0.1133
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head or 8000 m3 day -1) to examine of the effects of well yield or total dynamic head on irriga-
tion decision making in isolation. In addition, the simulations are also repeated for a range of
regulatory constraints on seasonal groundwater abstraction. As described in Section 2.2.3, these
regulatory quotas may restrict the range of soil moisture targets that are attainable on a each
irrigated area size in a given year and, as a result, reduce the expected profitability of a given
irrigated area choice. A total of four different regulatory constraints are considered, equal to: (1)
unrestricted seasonal pumping; (2) 240,000 m3 yr-1; (3) 160,000 m3 yr-1; and (4) 80,000 m3 yr-1
to assess the interactions between hydrogeological constraints and potential policy responses to
aquifer depletion.
3.3 Results and discussion
3.3.1 Observed irrigation practices
The empirical analysis of data for wells in the Republican River Basin in Nebraska indicates that
irrigation decision making, characterised by the certified irrigated area supplied by each well,
exhibits differing sensitivities to pumped groundwater level (Figure 3.4a) and well yield (Figure
3.4b). In Figures 3.4a and Figure 3.4b the colour shading illustrates the spread of the underlying
data points for the full set of 10,673 wells, computed by discretising the x-axis into 20 equally-
sized vertical bins and for each bin computing the cumulative density function using kernel
density estimation in Matlab (Mathworks Inc., 2013). Contrastingly, the white line denotes the
fitted LOWESS regression relationship between either well yield or pumped groundwater level,
and certified irrigated area.
Focusing first on the relationship between pumped groundwater level and irrigated area, it is
clear from the spread of the colour shading in Figure 3.4a that significant variability exists in the
observed relationship between pumped groundwater level and irrigated area. However, examina-
tion of the central trend in the underlying data, as indicated by the darker colour shading, and
the LOWESS regression fit demonstrate that, for the range of values observed, there appears to
be no general tendency for farmers to irrigate less land in response to larger pumped groundwa-
ter levels and expected higher pumping costs. Instead, Figure 3.4a suggests that farmers whose
wells have the smallest depths to groundwater (< 25-30 m), and thus would be expected to have
the lowest pumping costs, show a tendency to irrigate less land than those faced with higher
pumping lifts. This counterintuitive result may have a number of underlying causes. In partic-
ular, many of wells with small pumped water levels in the Republican River Basin are located
near to major perennial streams. While no information on surface water rights is provided in the
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Figure 3.4: Fitted relationships (white line) between irrigated area (ha) and: (a) pumped ground-
water level (m); (b) well yield (m3 day-1), for 10,673 wells in the Republican River Basin,
Nebraska, created using a robust LOWESS method. The colour shading shows the spread of
different central percentages (0 - 90%) of the full well observation dataset used to create this fit.
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groundwater wells database, it is hypothesised that these farmers may have access to conjunctive
surface water rights and, consequently, groundwater-fed irrigation will only be practiced on a
portion of the total irrigated field area reducing the certified irrigated area associated with that
groundwater abstraction well. Figure 3.5a offers some support for this hypothesis, demonstrating
that the fitted relationship between irrigated area and pumped groundwater levels is sensitive
to the exclusion of wells located near to major surface water systems. Specifically, the rela-
tionship between pumped groundwater level and irrigated area becomes almost constant when
wells located within 2-3 km of a major perennial stream are removed from the LOWESS fitting
process.
0 25 50 75 100 125
0
20
40
60
80
100
Pumped groundwater level (m)
Ir
rig
at
ed
 a
re
a 
(ha
)
(a)
 
 
All
1km
2km
3km
014202840426056807100
0
20
40
60
80
100
Well yield (m3 day−1)
(b)
Figure 3.5: Fitted relationship between irrigated area (ha) and: (a) pumped groundwater level
(m); (b) well yield (m3 day-1), for 10,673 wells in the Republican River Basin, Nebraska, created
using a robust LOWESS method. Fits are shown using the full set of active irrigation wells and
subsets of wells located greater than 1km, 2km and 3km from a major perennial stream.
In contrast, Figure 3.4b shows that a stronger relationship is observed between well yield and
irrigated area. As for pumped groundwater level, the spread of the colour shading in Figure 3.4b
demonstrates that a large degree of scatter exists in the raw underlying data. Nevertheless, the
LOWESS regression fit and trends in the underlying data clearly suggest that farmers tend to
reduce irrigated area in conjunction with lower well yields. The area irrigated from a pumping
well is observed to be relatively constant at around 60-65 ha for well yields greater than 5500
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m3 day-1. However, as pumping capacity is reduced below this level, irrigated area is shown
to decline significantly to approximately 40 ha and 25 ha for well pumping capacities of 3000
m3 day-1 and 1000 m3 day-1 respectively. Importantly, Figure 3.5b also demonstrates that this
declining trend is preserved when wells located close to major perennial streams are excluded
from fitting process, indicating that the tendency for farmers to irrigate smaller areas in response
to lower well yields is unlikely to be related to the reductions in irrigated area that are observed
for small pumped groundwater levels (Figure 3.4a).
Well yield and depth to groundwater are, of course, not the sole drivers of farmers’ decisions
about irrigated area and groundwater use. Other factors such as soil type and climate, which,
as previously discussed, are spatially variable across the Republican River Basin, may also affect
irrigation decision making. It is, therefore, important to control for and assess the potential
impacts of variability in these other potential drivers of irrigation demand to ensure the relation-
ships observed in Figure 3.4 are robust. Focusing on the effects of soil type, Figure 3.6 shows the
fitted relationships between both well yield and pumped groundwater level, and irrigated area
for subsets of wells sampled based on the quartiles of percentage soil sand. Figure 3.6 clearly
demonstrates that the relationships observed in Figure 3.4 are present for wells located across
a range of soil types found in the Republican River Basin. Similarly, Figure 3.7 shows that
the differing effects of well yield and depth to groundwater on irrigation decision making are
also affected minimally by climate that varies as a function of longitude due to the east to west
climate gradient that exists in the Republican River Basin (Houston et al., 2013). Indeed, for all
quartiles of percentage sand and longitude, Figures 3.6 and 3.7 show that irrigated area exhibits
a declining trend with reductions in well yield. Contrastingly, there is little relationship between
pumped groundwater levels and irrigated area, with declines in irrigated area only observed for
wells with small pumped water levels that, as previously discussed, is likely to reflect conjunctive
use of surface water irrigation.
In addition to the effects of soil type and climate, a further observed factor that could the
bias the relationships observed in Figure 3.4 is variability in the date of well installation. As
previously noted, well yields and pumped groundwater levels for wells in the Republican River
Basin were recorded at the time of well drilling whereas reported irrigated areas represent present
day irrigation practices. For many wells the date of well installation was a number of decades
before present, with the earliest of the 10,673 active irrigation wells drilled in 1938. As a result,
it is important to assess if the generated relationships in Figure 3.4 could have been affected by
changes in well yields and groundwater depths that have occurred since drilling. Figure 3.8 shows
the LOWESS fitted relationship between both well yield and pumped groundwater level, and
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Figure 3.6: Fitted relationship between irrigated area (ha) and: (a) pumped groundwater level
(m); (b) well yield (m3 day-1), in the Republican River Basin, Nebraska, created using a robust
LOWESS method. The individual lines represent the fitted relationships generated using subsets
of the 10,673 wells extracted based on the first (Q1), second (Q2), third (Q3), and fourth (Q4)
quartiles of percentage sand.
irrigated area for subsets of wells sampled based on the quartiles of the date of well installation.
Encouragingly, Figure 3.8 illustrates that the trends found in Figure 3.4 are unaffected to the
date of well installation. A possible reason for this insensitivity to well installation date is
that substantial saturated thickness remains in the Republican River Basin in comparison with
other regions of the High Plains Aquifer such as south-west Kansas and northern Texas where
the aquifer has been more heavily mined and recharge rates are lower (Scanlon et al., 2012;
McGuire, 2014). Examination of the joint probability density function of well yield and pumped
groundwater level (Figure 3.9) provides support for this hypothesis, showing that the main peak
in the probability density function extends across a large range of observed pumped groundwater
levels for a constant well yield of around 3500-4500 m3 day-1. This suggests that well yields, in
general, do not appear to decline with increases in pumped groundwater levels due to the fact
that the remaining saturated thickness is sufficient to sustain well pumping capacities despite
increases in total groundwater pumping lifts. Given this, and the fact that observed water level
declines in the Republican River Basin have been modest since pre-development (McGuire, 2014),
it is unlikely that large changes in well yield or depth to groundwater will have occurred since
installation, even for the oldest wells in the database, that might bias the relationships reported
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Figure 3.7: Fitted relationship between irrigated area (ha) and: (a) pumped groundwater level
(m); (b) well yield (m3 day-1), in the Republican River Basin, Nebraska, created using a robust
LOWESS method. The individual lines represent the fitted relationships generated using subsets
of the 10,673 wells extracted based on the first (Q1), second (Q2), third (Q3), and fourth (Q4)
quartiles of longitude.
in this empirical analysis.
The observed relationships in the Republican River Basin lend support to the hypothesis that
well yield is a more important driver of irrigation decision making than depth to groundwater.
This finding is consistent with previous research indicating that while irrigation water demand
is relatively insensitive to increases in water price (Moore et al., 1994; Scheierling et al., 2006;
Schoengold et al., 2006; de Fraiture and Perry, 2007; Hendricks and Peterson, 2012; Pfeiffer and
Lin, 2014) and, as a result, is likely to be minimally affected by lowering of groundwater tables,
low well yields may place large constraints on groundwater-fed irrigation practices (O’Brien et al.,
2001; Peterson and Ding, 2005; Lamm et al., 2007; Foster et al., 2014). Nevertheless, determining
empirically the causal effects of well yield and groundwater depth on irrigation behaviour remains
challenging due to the scarcity of data relating well yield and groundwater depth to field-level
irrigation practices. The groundwater wells database used in this analysis (Nebraska Department
of Natural Resources, 2014) is the only publicly available agricultural water use dataset in the
world that includes estimates of well yield. However, even for this database, no data exists on how
aquifer conditions and field-level irrigation practices have co-evolved over time. Data provided
in the groundwater wells database are also insufficient to calculate the total dynamic head that
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Figure 3.8: Fitted relationship between irrigated area (ha) and: (a) pumped groundwater level
(m); (b) well yield (m3 day-1), in the Republican River Basin, Nebraska, created using a robust
LOWESS method. The individual lines represent the fitted relationships generated using subsets
of the 10,673 wells extracted based on the first (Q1), second (Q2), third (Q3), and fourth (Q4)
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Figure 3.9: Estimated joint probability density function of well yield and pumped groundwa-
ter level in the Republican River Basin, Nebraska, generated using a gaussian kernel density
estimation procedure for 10,673 well observations.
92
must be generated by each abstraction well. It is not possible, therefore, to estimate completely
the total groundwater pumping lift that must be overcome and associated pumping costs for
each well, potentially limiting the reliability of the conclusions drawn in this analysis. Finally, it
is almost impossible to isolate the confounding effects of other non-hydrogeological variables on
irrigation choices in an empirical setting as many factors (e.g., received crop price, risk aversion)
are either not observed or are only recorded at lumped spatial scales (e.g., county-level statistics)
that are insufficient for studying trends and variations in individual field-level decision making.
3.3.2 Simulated effects of groundwater depth and well yield
The empirical results reported in Section 3.3.1 have generated important insights about potential
differences in the effects of well yield and groundwater depth on irrigation practices. However,
as discussed above, the ability to draw more specific empirical conclusions about the feedbacks
between groundwater and agricultural production systems is limited by data availability. In order
to examine in greater detail the individual effects of well yield and groundwater pumping lift,
this section presents the findings of field-level numerical simulations of optimal irrigation decision
making for a case study of centre-pivot irrigated corn production in Chase County, located with
the upper portion of the Republican River Basin in Nebraska.
Figure 3.10 illustrates how simulated total volumetric irrigation use changes as a function of
hydrogeological (well yield and total dynamic head) and regulatory (abstraction caps) factors
that may influence irrigation decision making. As would be expected regulatory policies that cap
groundwater abstraction lead to reductions in irrigation use irrespective of well pumping capacity
or the total dynamic head that must be generated. However, large differences also exist in the
response of volumetric irrigation use to changes in well yield and total dynamic head. Figure
3.10a shows that changes in total dynamic head generally have only limited effect on farmers’
optimal irrigation use. When pumping is unrestricted, total groundwater use per growing season
is reduced by only 31.6 % from around 380,000 m3 yr-1 to approximately 260,000 m3 yr-1 for a
change in total dynamic head from 3 m to 150 m that equates to a 379.1 % change in the total
variable cost of pumping 1 ha-cm of groundwater for irrigation (from $ 5.75 ha-cm-1 to $ 21.80
ha-cm-1). Contrastingly, Figure 3.10b demonstrates that irrigation use responds much more
strongly to lowering of well yields. Given no regulatory restrictions on groundwater pumping,
irrigation demand remains constant at around 370,000-375,000 m3 yr-1 for well yields of greater
than 5500 m3 day-1. However, below this threshold pumping capacity irrigation use declines
continually as well yield increasingly limits available irrigation capacity.
The differences in optimal volumetric irrigation use that are observed in Figure 3.10 can be
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Figure 3.10: Profit-maximising total volumetric seasonal irrigation use (1000 m3 yr-1) for a case
study of centre-pivot irrigated corn production in Chase County, Nebraska, under different: (a)
total dynamic heads (m), and (b) well yields (m3 day-1). Predictions are shown for unrestricted
seasonal pumping, and seasonal groundwater allocations of 240,000, 160,000, and 80,000 m3.
explained by the response of profit-maximising irrigated area to variations in total dynamic head
and well yield. Figure 3.11a demonstrates that irrigated area remains constant across the full
range of total dynamic heads modelled (0-150 m), with reductions in the optimal size of irrigated
area only predicted to occur as a result of regulatory restrictions on groundwater abstraction. In
comparison, Figure 3.11b illustrates that the optimal size of irrigated area is affected not only by
regulations, but also by available well pumping capacity. Taking the example of when pumping is
unrestricted, Figure 3.11b shows that, for a farmer with a well capable of pumping greater than
5500 m3 day-1, it is optimal to irrigate the total 52.65 ha field area. However, below this well
pumping capacity the optimal size of irrigated area declines until irrigated agriculture becomes
effectively unprofitable on even small field sizes.
These findings suggest that the significant changes in irrigation water use associated with
reductions in well yields are reflective of the restrictions imposed by well yield on the optimal
area of irrigated production, whereas changes in groundwater pumping lift merely affect per-area
irrigation intensity. As highlighted in Chapter 2, the higher sensitivity of farmers’ extensive
margin irrigation decision to well yield can be explained by the impact of well pumping capacity
on instantaneous irrigation rates. As well yield is constrained, the depth of irrigation that can be
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Figure 3.11: Profit-maximising irrigated area (ha) for a case study of centre-pivot irrigated corn
production in Chase County, Nebraska, under different: (a) total dynamic heads (m), and (b)
well yields (m3 day-1). Predictions are shown for unrestricted seasonal pumping, and seasonal
groundwater allocations of 240,000, 160,000, and 80,000 m3.
applied per day on the maximum field area drops below the level required to meet full crop water
demands, leading to non-linear increases in soil moisture deficits and reductions in per-area crop
yields as shown in Figure 3.12. A behavioural threshold therefore exists below which it becomes
more profitable for a farmer to reduce irrigated area in order to increase potential instantaneous
irrigation rates, obtain higher expected per-area crop yields, and lower fixed production costs.
Contrastingly, such a behavioural response does not occur due to increased groundwater pumping
lifts, which only affect production costs and have no impact on potential crop yields and revenues.
The differing responses of irrigation decision making to well yield and total dynamic head
are also captured in predictions of the economic value of groundwater-fed irrigation. Figure
3.13a shows that the expected profitability of irrigated agricultural production declines at an
approximately linear rate as the total dynamic head that must be overcome is increased. This
reflects the limited adjustments in irrigation behaviour in response to total dynamic head, with
reductions in profit instead capturing the linear increases in energy costs associated with pumping
groundwater from greater and greater depths. On the other hand, Figure 3.13b shows that
variations in well yield result in highly non-linear changes in expected profits. Figure 3.13b
illustrates that reductions in well yield initially have only limited impacts on expected profits,
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Figure 3.12: Average relationship between corn crop yield (tonne ha-1) and the constraint on
maximum daily irrigation rate (mm day-1). Data were simulated by AquaCrop using 32 years of
daily weather data recorded at Champion in Chase County, Nebraska.
with declines in profits occurring due to small reductions in crop yield and increases in the labour
and repair costs of production that occur as a result of having to run the centre-pivot for longer
periods of time per unit depth of irrigation applied (Equations 3.4 and 3.6). However, beyond the
behavioural threshold at which well yield begins to constrain irrigated area (e.g., approximately
5500 m3 day-1 when pumping is unrestricted by regulations), expected profits decline rapidly in
a manner that is not anticipated when only considering the impacts of increasing total dynamic
head.
It should be highlighted that the numerical simulations presented in this section are con-
ditioned on a number of assumptions made during the modelling process. Specifically, as was
discussed in detail in Section 2.4.6, the model of optimal groundwater-fed irrigation decision
making that has been developed in this thesis assumes that the farmer does not adjust cropping
practices (e.g., crop type/cultivar) in response to changes in well yield or total dynamic head,
that the non-irrigated portion of the field has no value, that the optimal soil moisture target
does not vary intraseasonally, and that crop prices and input costs are constant. Results are also
specific to chosen numerical case study, and different field conditions (e.g., soil type, climate,
irrigation system efficiency etc.) may alter the magnitude and timing of changes in irrigation
decision making in response to well yield and total dynamic head. Nevertheless, changes in the
modelling framework or model inputs would not alter the fundamental conclusion of this chapter
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Figure 3.13: Certainty equivalent (1000 $ yr-1) for a case study of centre-pivot irrigated corn
production in Chase County, Nebraska, under different: (a) pumping lifts (m), and (b) well yields
(m3 day-1). Predictions are shown for unrestricted seasonal pumping, and seasonal groundwater
allocations of 240,000, 160,000, and 80,000 m3.
that indicates that well yield has a larger effect on irrigation behaviour than increased total
dynamic head and groundwater pumping costs. This is because differences in the response of
irrigation practices to well yield and groundwater pumping lift are not reflective of the specific
field conditions that are modelled, but instead are due to the fact that low well yields have a neg-
ative biophysical effect on crop yield potential whereas increases in total dynamic head will only
affect the economic costs of production. However, it is important to point out that, in reality,
the impacts of well yield and total dynamic head cannot be separated as changes in aquifer water
levels and storage volumes will simultaneously affect both well yield and the suction lift com-
ponent of total dynamic head. The behavioural thresholds reported in this numerical analysis
therefore may be modified by the co-occurrence of declining well yields and increased pumping
costs that may exacerbate the vulnerability of irrigated agriculture to depletion of groundwater
resources.
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3.4 Conclusions
In this chapter, a combination of empirical analysis of observation data and numerical simulations
for case studies in the Republican River Basin in Nebraska have shown that changes in well
yield have larger impacts on groundwater-fed irrigated agriculture than changes in groundwater
pumping lifts and pumping costs. Consistent with the findings presented in Chapter 2, the main
mechanism underlying this effect is the biophysical constraints that low well yields impose on
instantaneous irrigation rates, which lead to large non-linear reductions in irrigated production
areas that cannot be anticipated when solely considering changes in pumping costs as a linear
function of depth to groundwater.
These results have important implications for groundwater management and the role of hydro-
economic modelling in groundwater policy design. Specifically, the findings presented in this
chapter call into question the validity of the common assumption made in hydro-economic re-
search that groundwater pumping lift is the main hydrogeological variable influencing land and
groundwater use choices made by farmers. Instead, it is suggested that existing hydro-economic
modelling frameworks that neglect well yield as a key decision variable may be unable to ad-
dress adequately the dynamic feedbacks and interactions between agricultural production and
groundwater systems. In particular, the value of different policy options is likely to be strongly
determined by the extent to which they are able to maintain well yields above the threshold
levels at which irrigated production is constrained. Explicit consideration of well yield will be
important not only in the context of aquifers that are undergoing depletion, but also in ground-
water systems where well productivity is low due to the geological characteristics of the aquifer
or due to poor construction and maintenance of pumping systems. In Sub-Saharan Africa, for
example, many major aquifers can support well yields of no higher than a few liters per sec-
ond (MacDonald et al., 2012) and high rates of borehole failure also occur (Calow et al., 2010),
suggesting that the potential to expand agricultural production through increased exploitation
of groundwater resources may be much lower than currently projected (Cassman and Grassini,
2013; Pavelic et al., 2013; Xie et al., 2014).
Based on these findings, it is recommended that hydro-economic models that are used to guide
agricultural groundwater management should incorporate a wider range of potential feedbacks
between the decision making of agricultural producers and the hydrological system. However, a
limitation of the analysis used Chapters 2 and 3 is that the modelling approach that has been
developed is static and, therefore, is unable to address the dynamic bi-directional feedbacks
between changes in groundwater storage and farmer irrigation behaviour that will influence the
co-evolution of agricultural groundwater systems over time and space. Consequently, in Chapter
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4 a methodology will be developed to integrate the methods and insights presented in Chapters 2
and 3 with a physically-based groundwater flow model. The resultant integrated hydro-economic
modelling framework will provide a novel tool that incorporates the variables and processes that
are meaningful to actual groundwater use decisions, and which can be used to explore the long-
term management of groundwater resources in areas of intensive irrigated agriculture.
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Chapter 4
Hydro-economic modelling of coupled
agricultural groundwater systems
The analyses presented in Chapters 2 and 3 have imposed properties of the groundwater system
(e.g., well yield, pumping lift) as static and explicit determinants of farmers’ individual irrigation
decision making. In reality, aquifer conditions and farmer irrigation behaviour will dynamically
co-evolve over time and space, and, therefore, an explicit representation of groundwater dynamics
is required to evaluate the long-term trajectory and sustainability of groundwater systems. Exist-
ing hydro-economic research uses a range of methods to model aquifer dynamics. However, none
of these numerical techniques are able to quantify the response of well yield to changes in aquifer
storage. Existing modelling frameworks therefore neglect key interactions between groundwater
and agricultural production, limiting the ability to conduct meaningful policy analysis.
Based on a review of the methods used to model groundwater dynamics, a methodology is
proposed to integrate the model of farmers’ individual irrigation decision making with a hybrid
radial-cartesian groundwater flow model. A novel coupling approach is developed, which accu-
rately captures changes in both borehole water levels and well yields through the use of pump
head-capacity curves. A range of hypothetical test simulations are conducted to demonstrate
the value of the integrated modelling framework for evaluating the long-term coevolution of cou-
pled agricultural groundwater systems. The findings illustrate that estimation of the long-term
agricultural sustainability is enhanced by modelling explicitly the intraseasonal and interannual
changes in well yields as a function of farmers’ pump choice. Significantly, it is also shown that
abstraction quotas that slow the rate of well yield decline may have positive impacts on net
production and farmer welfare.
The material presented in this chapter is adapted from Foster, T., Brozović, N., and Butler,
A.P. (2015), Integrated modelling of coupled agricultural groundwater systems, In Preparation.
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4.1 Literature review
Application of hydro-economic modelling to the management of groundwater-fed irrigation re-
quires the modeller to make important decisions about how to represent mathematically the
groundwater system. In general, three different methods of varying spatial complexity are used
to characterise aquifer dynamics in integrated hydro-economic analysis: (1) single-cell models; (2)
semi-distributed models; and (3) distributed models. Each of these three modelling approaches
is reviewed, in turn, in the following sub-sections. Subsequently, a discussion is provided of
the methods that may be used to represent boreholes in spatially-distributed groundwater mod-
els, and the potential to use these approaches to improve integrated hydro-economic analysis of
groundwater-fed irrigation.
4.1.1 Single-cell models
The single-cell aquifer model represents the simplest formulation of aquifer dynamics used in
hydro-economic analysis. Single-cell aquifer models are based on a standard reservoir mass bal-
ance equation (Equation 4.1), which is used to quantify changes in groundwater storage and
water levels over time. The assumption is made that the aquifer behaves like a bathtub. The
modelled aquifer therefore has a single water table elevation that responds uniformly and instan-
taneously to groundwater extraction, irrespective of the the location of individual abstraction
points and the contribution of each to overall groundwater pumping.
hcell = hcell,0 +
Q
S ·Ac (4.1)
where hcell and hcell,0 are the updated and initial hydraulic heads in the aquifer cell, respectively,
S is the storativity of the aquifer equal to the volume of water released per unit area of aquifer
per unit of drawdown, Ac is the cell area, and Q is the volumetric source/sink term for the
aquifer cell. Q is positive at times where inflows (e.g., recharge) exceed outflows (e.g., irrigation
pumping), and negative at times where outflows are greater than inflows.
Single-cell models commonly have been used in economic studies of optimal groundwater
management that require simple closed-form analytical solutions to groundwater dynamics. In
particular, an extensive body of economic literature has used single-cell aquifer models to analyse
the welfare gains that can be obtained from implementation of optimal groundwater manage-
ment compared to unregulated, competitive resource extraction (e.g., Gisser and Sanchez (1980);
Brill and Burness (1994); Rubio and Casino (2003); Koundouri (2004)). In general, studies using
single-cell aquifer models have concluded that the benefits from optimal groundwater manage-
101
ment, defined solely in terms of groundwater levels, are negligible and, therefore, that the role
of water management may be limited in practice.
Analysis of the paradoxical conclusion that there is minimal value obtained from groundwater
management has highlighted the limitations of the single-cell model representation of aquifer
dynamics. In reality, aquifers do not respond uniformly to spatially distributed groundwater
pumping, with localised cones of depression forming in the vicinity of abstraction wells. Brozović
et al. (2010) demonstrate that the failure of single-cell models to capture this localised water
table drawdown may lead to an underestimation of groundwater pumping externalities and,
consequently, the value of optimal groundwater management. Similarly, Madani and Dinar
(2012a) have shown that the pumping externalities from overlapping cones of depression can have
large impacts on predicted groundwater use and benefits of cooperative versus non-cooperative
resource management. These studies highlight that policy recommendations made on the basis
of single-cell aquifer models therefore should be interpreted with caution as the representation
of hydrogeological dynamics is likely to be inadequate for assessing the behaviour of real-world
coupled agricultural groundwater systems.
4.1.2 Semi-distributed models
A more complex extension of single-cell modelling approaches are semi-distributed aquifer mod-
els. A typical semi-distributed model uses two or more cells to represent the aquifer as a series
of interconnected, lumped parameter sub-basins. Model discretisation is coarse, with each cell
typically covering a large spatial area that corresponds to either institutional boundaries (e.g.,
a county or an irrigation district) or regions of homogeneous aquifer properties. Each cell is
modelled as an individual single-cell aquifer, with the movement of water between cells incor-
porated as an additional component of the source/sink term, Q, in Equation 4.1. Groundwater
movement between cells is calculated according to Darcy’s law, and therefore is considered to be
proportional to the difference in hydraulic head between cells.
Semi-distributed aquifer models are an improvement over single-cell models as they allow
consideration of spatially heterogenous resource users and their potential interactions, while also
remaining relatively straightforward to integrate within optimisation routines. As a result, semi-
distributed aquifer models have been used widely in economic studies of agricultural groundwater
management. For example, economic modelling has applied semi-distributed models to assess
the effects on optimal groundwater management of heterogeneity in aquifer properties (Peterson
and Saak, 2013), land productivity and farm size (Saak and Peterson, 2012; Athanassoglou et al.,
2012), and conjunctive management of groundwater and surface water systems (Noel and Howitt,
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1982). Applications of semi-distributed aquifer models can also be found in the engineering liter-
ature. For example, integrated hydro-economic models, such as the California Value Integrated
Network model (CALVIN) (Jenkins et al., 2001) that uses a semi-distributed aquifer model to
represent the flow and storage of groundwater in space and time, have been applied extensively
to analyse groundwater management in areas of intensive irrigated agricultural production (e.g.,
Draper et al. (2003); Pulido-Velazquez et al. (2004); Harou and Lund (2008); Harou et al. (2010)).
Despite widespread application, the semi-distributed modelling approach is not without no-
table limitations. In particular, semi-distributed aquifer models typically use a coarse spatial
and temporal discretisation of groundwater dynamics that is insufficient to capture fine scale
variability in groundwater flow and water levels that results from spatially distributed ground-
water pumping and heterogeneous aquifer properties (Jenkins et al., 2001; Harou and Lund,
2008; Brozović et al., 2010). In scenarios where these complex dynamics are important, for ex-
ample when considering the impact of groundwater-induced streamflow depletion or the effect of
drawdown on field level irrigation decision making, the coarse representation of groundwater in
semi-distributed models may lead to errors in assessments of policy effectiveness and long-term
sustainability.
4.1.3 Distributed models
In hydro-economic analyses where fine scale aquifer dynamics are important determinants of
groundwater use decisions and hydrological system behaviour, a spatially distributed modelling
approach may be required. Distributed groundwater models, such as MODFLOW (Harbaugh,
2005) or ZOOMQ3D (Jackson and Spink, 2004), are based on the three-dimensional transient
groundwater flow equation (Equation 4.2). Spatially-distributed groundwater models solve Equa-
tion 4.2 using finite-difference, finite-element, or finite-volume techniques to obtain estimates of
piezometric head at discretised points in space and time, given specified initial and boundary
conditions and time-varying external stresses such as irrigation pumping and recharge (Anderson
and Woessner, 1992).
∂
∂x
(
Kx
∂h
∂x
)
+
∂
∂y
(
Ky
∂h
∂y
)
+
∂
∂z
(
Kz
∂h
∂z
)
= Ss
∂h
∂t
−Q (4.2)
where h is the hydraulic head, Ss is the aquifer specific storage coefficient, Kx, Ky, Kz are
the hydraulic conductivities in the x, y, and z directions, respectively, and Q is the volumetric
source/sink term per unit volume of aquifer.
A number of hydro-economic studies have incorporated spatially distributed groundwater
models within integrated modelling frameworks in order to analyse agricultural groundwater
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management (e.g., Schoups et al. (2006); Siegfried and Kinzelbach (2006); Maneta et al. (2009);
Steward et al. (2009); Bulatewicz et al. (2010); Mulligan et al. (2014)). These studies highlight
the benefits that spatially distributed models can provide when analysing groundwater man-
agement and policy. In particular, the ability of spatially distributed models to quantify local
variations in groundwater availability and the economic costs of extraction, along with the impact
of these changes on heterogeneous farmer behaviour, enables a more realistic estimation of how
agricultural production may respond to future changes in policy and physical water availability.
However, the advantages of spatially distributed groundwater models must be balanced with
the increased computational demands that such models impose, especially when coupling with
economic and/or agricultural models as part of a broader integrated hydro-economic framework.
4.1.4 Borehole representation in distributed models
Existing hydro-economic models that implement distributed groundwater components typically
have used relatively coarse discretisation of the groundwater model domain to minimise compu-
tational demands. For example, the MODFLOW groundwater model used by Mulligan et al.
(2014), and which also is actively used to inform groundwater management in the Republican
River Basin (Republican River Compact Administration, 2003), has a spatial grid resolution
of 1.6 km and is temporally discretised into monthly stress periods. The use of distributed
groundwater models at this resolution, while substantially more detailed than single-cell and
semi-distributed aquifer models, will lead to errors in the estimation of drawdown within ab-
straction wells as pumping is assumed to be distributed evenly over a single grid cell that is
orders of magnitude larger than the diameter of the actual borehole. The water level in the bore-
hole is one of the primary determinants of both well yield and economic costs of groundwater
extraction, and, therefore, of farmers’ irrigation decision making. Consequently, errors in the
prediction of borehole head may induce inaccuracies in subsequent hydro-economic simulations
and estimations of policy effectiveness that have not been considered in previous analyses. A
number of potential methods to refine predictions of groundwater head in the vicinity of abstrac-
tion wells exist, which are described below along with a discussion of their suitability for use in
integrated hydro-economic modelling frameworks.
Distributed groundwater models that use finite difference solutions may provide the ability
to refine the model grid locally in the areas of rapidly varying hydrological conditions, such as
around abstraction boreholes or surface water features. Both MODFLOW (Mehl and Hill, 2005)
and ZOOMQ3D (Jackson and Spink, 2004) models contain options for local grid refinement that
enable local-scale hydrological processes to be represented using a finer-scale model sub-grid that
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is nested within the coarser grid of the regional scale groundwater model. Local grid refinement
reduces overall computational demands as it is not necessary to refine the discretisation of the
full regional model domain. Nevertheless, a significant limitation of this approach is that, even
with local refinement, model cell sizes are still likely to be substantially larger than the diameter
of an abstraction borehole. Furthermore, flow convergence to a well is radial in nature and,
therefore, is best simulated using a radial coordinate system (Anderson and Woessner, 1992).
However, local grid refinement techniques typically require both the regional and local grids to
be based on a square or rectangular mesh to be enable coupling of the two grids and, as a result,
are unable to represent adequately radial flow process in the vicinity of an abstraction borehole.
An alternative approach to the local grid refinement techniques described above is the recently
developed MODFLOW Unstructured Grid Package (MODFLOW-USG) (Panday et al., 2013).
MODFLOW-USG enables both structured and unstructured grids to be coupled using a control
volume finite difference solution scheme. As a result, this technique can improve significantly
the representation of boreholes in regional spatially-distributed groundwater models compared
to models that use only structured grids. However, the design of highly complex unstructured
model grids requires substantial expertise and may impose significant computational demands
for both pre- and post-processing. Moreover, MODFLOW-USG, as with structured local grid
refinement, does not use a radial coordinate system that is the most accurate method for sim-
ulating convergence of flow to an abstraction borehole. Given this, it seems that the predictive
improvements that could be gained from either MODFLOW-USG or local-grid refinement are
unlikely to be sufficient to balance the increased computational costs that implementation of
these methods in integrated, multidisciplinary analyses would entail.
As discussed above, flow to abstraction boreholes is most appropriately described using a
radial flow model. A range of analytical solutions exist to estimate radial flow to wells, some
of which have been used previously in hydro-economic analysis. For example, Brozović et al.
(2010) and Madani and Dinar (2012a) both use the Theis equation (Theis, 1935) to evaluate the
effects of spatially distributed well pumping within economic analyses of optimal groundwater
management. However, analytical models commonly require a large number of assumptions to
be made about the hydrogeological system that do not match the complex heterogeneity found
in real-world aquifers. Radial flow to boreholes is simulated more adequately using numerical
solution schemes that employ a cylindrical coordinate systems and are able to incorporate well
storage effects, non-linear flow, and seepage face development that may influence the effect of
pumping on borehole heads. For example, the Darcy-Forchheimer equation, which introduces
an additional quadratic term to Darcy’s law to account for non-linear flow effects (Forchheimer,
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1901), has been shown to provide an improved representation of radial flow in the vicinity of
abstraction boreholes (Mathias et al., 2008; Mathias and Todman, 2010; Wen et al., 2011).
Radial flow models offer advantages for simulating flow around abstraction wells, but do
not represent regional groundwater flow processes in a computationally efficient manner. The
ability to analyse spatially distributed groundwater pumping over large areas is often important
in hydro-economic analysis due to the presence of multiple water users, who each may be affected
by externalities generated by the others pumping (Brozović et al., 2010; Pfeiffer and Lin, 2012).
Therefore, to be useful in integrated hydro-economic analysis, radial flow models must have the
capacity to be embedded within regional groundwater modelling frameworks. A number of multi-
scale methods exist to represent radial flow to a well within regional groundwater models. Finite
element and finite volume techniques have been used in petroleum and atmospheric modelling
(Hiebert et al., 1993), but have yet to be employed in groundwater modelling due to the difficulties
associated with defining the complex grid structures and significantly increased computational
demands. Alternatively, hybrid radial-cartesian modelling frameworks can enable numerical
radial flow models to be embedded within existing regional groundwater flow models (Upton
et al., 2013). In a hybrid radial-cartesian model, the radial model grid replaces a section of
the cartesian grid of the regional-scale groundwater model, enabling the incorporation of both
local- and regional-scale groundwater flow processes in a consistent framework. As a result,
hybrid radial-cartesian models may offer a promising option for hydro-economic analysis where
both regional- and local-scale hydrological processes must be represented adequately in order
to predict of field-level groundwater use decisions and the resultant dynamic evolution of the
groundwater system to those spatially and temporally distributed choices.
4.2 Methodology
In the following subsections, a description is provided of a hybrid radial-cartesian groundwater
model, SPIDERR (Simulating Pumping Boreholes with a Darcy-Forchheimer Regional Radial
Flow Model) (Upton et al., 2013), that is used in the analysis presented in this chapter. A
spatially-explicit methodology then is proposed to integrate the SPIDERR groundwater flow
model with the distributed model of farmers’ individual field-level irrigation decision making
that is developed in Chapters 2 and 3, capturing the significant feedbacks that occur between
groundwater and agricultural production at both annual and intraseasonal timescales. Finally, a
range of simulations are described that will be used to test the ability of the integrated model to
predict the long-term co-evolution of agricultural production and groundwater conditions, and to
evaluate the effectiveness of policies to improve the sustainability of groundwater-fed irrigation.
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4.2.1 SPIDERR model
The SPIDERR flow model used in this study was developed by Upton et al. (2013), and consists
of a small-scale radial model of flow to an abstraction borehole that can be coupled with a regional
groundwater model. SPIDERR uses a hybrid radial-cartesian finite difference solution on a mixed
cylindrical-cartesian coordinate system to provide accurate predictions of groundwater head and
flow processes both in the vicinity of an abstraction well and at larger scales. The subsections
below provide a brief summary of the radial flow model used in SPIDERR, and the coupling
mechanisms that enable this radial model to be integrated with regional groundwater models.
Subsequently, a modification to the calculation of abstraction rates in SPIDERR is developed to
enable estimation of changes in well yields as a function of aquifer water levels.
Radial flow model
The radial flow model used in SPIDERR solves the continuity equation for three-dimensional
transient radial groundwater flow (Equation 4.3) based on a finite difference solution. The model
is discretised using a cylindrical coordinate system to represent radial convergence of flow towards
a borehole, with model nodes spaced logarithmically in the radial direction to ensure refinement
of head estimates in the vicinity of the borehole where larger hydraulic gradients are likely to
develop during pumping.
1
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where q is the specific discharge, t is the time, and r, θ, and z are the radial, circumferential and
vertical dimensions of the model, respectively, and Q is the volumetric source/sink term per unit
volume of aquifer.
In order to account for both linear and non-linear flow components that may occur in the
vicinity of abstraction boreholes, SPIDERR calculates the specific discharge in the radial direc-
tion, qr, using the Darcy-Forchheimer equation (Equation 4.4) (Forchheimer, 1901), where β is
defined as the Forchheimer coefficient.
qr + βq
2
r = −K
∂h
∂r
(4.4)
The radial flow model can be discretised vertically into a series of layers to represent vertical
heterogeneity in aquifer properties. Vertical discretisation also enables the model to capture
vertical flow components, and the potential effects of seepage-face development on borehole
water levels and pumping rates (Rushton, 2006). Each of the vertically discretised layers can
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transition between confined, unconfined, and inactive states. This transition is controlled by the
calculated head, and the specified top and bottom elevations of the layer.
The borehole is placed at the central node of the radial flow model. An effective radius must
be specified for the borehole and the storage coefficient at the well node is set equal to unity to
represent water storage within the well itself, which may contribute a significant proportion of
water during the early stages of pumping. Borehole nodes are assumed to be connected vertically
to enable vertical flow to occur within the borehole. Contrastingly, the horizontal connection
of the well to the aquifer is controlled by specified properties relating to the construction of
the borehole, including well casing and screening. Screening and casing, if defined, act to limit
flow into the borehole from the aquifer at the nodes corresponding to depths covered by these
features.
Coupling of radial and cartesian models
As discussed in Section 4.1.4, hybrid-radial cartesian models are promising methods for cou-
pling local- and regional-scale groundwater flow models. In SPIDERR, the Darcy-Forchheimer
radial flow model is linked to a coarser scale cartesian model that is based on a finite-difference
approximation to the groundwater continuity equation in cartesian coordinates (Equation 4.2).
The radial and cartesian models are coupled as shown in Figure 4.1, which illustrates that the
radial flow model sits within the cartesian grid and effectively replaces a square number of the
cartesian model grid cells. The total number of cartesian cells replaced is determined by the
specified extent of the radial model, which is a model input parameter.
Each boundary node of the radial model is linked to a single grid-centred node on the cartesian
grid. The approach used to solve the groundwater flow continuity equations across the boundary
nodes assumes that flow is radial between inner and outer nodes of the radial model, and that
flow is orthogonal between the outer nodes of the radial and cartesian models. This coupling
approach accurately maintains mass balance across the full modelled groundwater system, and
is discussed in more detail in Upton et al. (2013).
The coupled radial-cartesian model is solved in Matlab (Mathworks Inc., 2013) using the ordi-
nary differential equation solver ode15s (Shampine and Reichelt, 1997). This implicit, variable-
order solver uses an adaptive time-stepping routine based on Newton iteration techniques, to
solve the system of discretised groundwater flow equations. At each iteration during a defined
period of abstraction, known as a model stress period, the local error in the calculated hydraulic
head is compared against the specified error tolerance level. In the model, the default relative
error tolerance is equal to 10-3, generating a solution that is accurate to within 0.1 %. If errors
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Figure 4.1: Configuration of the cartesian (black lines) and radial (red lines) model grids in
SPIDERR. In the example shown, the borehole is located at the centre of the cartesian grid,
which has dimensions of 2000 m by 2000 m. Correspondingly, the radial model has a radius of
375 m and is divided into a 12 radial slices in the circumferential direction. This configuration
results in a total of 41 logarithmically spaced nodes along each radial axis (node points are not
shown).
exceed this tolerance level then the time-step is reduced for the subsequent iteration thereby
improving solution accuracy at times of rapidly changing hydrogeological conditions.
The hybrid radial-cartesian model can also be integrated with the ZOOMQ3D regional
groundwater flow model through the Open Modelling Interface (OpenMI). The OpenMI de-
fines a standard for the exchange of data between different models, enabling models that operate
at different spatial and temporal scales, and which may be coded in different programming lan-
guages, to be linked and run simultaneously (Moore and Tindall, 2005; Gregersen et al., 2007).
To be integrated using OpenMI, model codes must have a set of specific properties and be able
to perform functional tasks, such as accepting and providing data values. The codes of both
SPIDERR (Upton et al., 2013) and ZOOMQ3D (Jackson and Spink, 2004) have been designed
to be compliant with the requirements of the OpenMI standard, and, therefore, may be linked
using OpenMI without the need to hard-code the SPIDERR model into the ZOOMQ3D regional
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groundwater model source code. The two-way model linkage enables the pumping regime in the
regional groundwater model to be controlled by the simulated abstraction rate in SPIDERR that
more accurately simulates near-well flow processes and changes in head. In turn, ZOOMQ3D
provides boundary flows to SPIDERR, thereby ensuring that estimates of abstraction capacity
and head in the vicinity of the well also capture the influence of the regional groundwater system.
4.2.2 Estimation of well yield using SPIDERR
An important component of the SPIDERR model is the use of an abstraction management
routine. This internal routine enables the pumping rate for a given stress period to be adjusted
based on a range of pre-specified abstraction rules. SPIDERR provides the option to choose from
a set of three potential abstraction management rules that adjust the abstraction rate for a given
abstraction period as groundwater head in the borehole approaches or drops below a deepest
advisable pumping water level, which is specified as a model input. These methods reflect the
focus in the original model development on the management borehole deployable output by water
supply companies (Upton et al., 2013).
However, methods based on deepest advisable pumping limits may have limited relevance to
abstraction management practices in irrigated agriculture. The maximum capacity (i.e., the well
yield) of a pump used to supply groundwater for irrigation is controlled by a number of factors
including the type and size of the pump selected, and the total amount of head that the pump
is required to generate (Boonstra and Soppe, 2006). As noted in Chapter 3, the head that a
pump must generate is referred to as total dynamic head. Total dynamic head is calculated using
Equation 4.5, which considers explicitly the contribution of each of the three main components
of total dynamic head: (1) the elevation difference between the water-level in the borehole and
the discharge pump above ground level (suction lift); (2) the head equivalent of the pressure
needed to apply irrigation to the field (pressure head); and (3) the head equivalent to overcome
the pressure losses due to friction effects (friction head).
L = (Zdis − hwell) + (pf · P ) + (pf · Pfrc) (4.5)
where L is the total dynamic head, Zdis is the elevation of the discharge point, hwell is the head
in the borehole, P is the operating pressure, and Pfrc are the operating pressure losses due to
friction effects. pf is a pressure conversion factor used to translate pressure into a head equivalent
value, and is equal to 0.1022 when converting from kilopascals of pressure to metres of head.
As discussed in Chapter 3, total dynamic head will increase over time if water tables are
lowered by groundwater abstraction thereby increasing the suction lift that the pump must
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generate. Increasing total dynamic head will, in turn, lead to changes in well yields as increasing
amounts of work will be required to discharge a unit volume of water for irrigation. The change
in well yield as a function of total dynamic head for a constant speed pump can be characterised
mathematically using a head-capacity curve. Pump manufactures typically provide head-capacity
curves for combinations of pump type, impeller size, and operational rotation speeds. Individual
pumps may also be combined in series or in parallel in order to meet the farmers’ specific irrigation
system operating requirements. Figure 4.2 shows three hypothetical head-capacity curves, which
have been developed for use in the analysis in this chapter based on the wide range of published
examples of curves for typical pumps used by irrigators in regions such as the High Plains of the
United States (e.g., Boonstra and Soppe (2006); Konikow (2010); University of Nebraska-Lincoln
(2012); U.S. Department of Agriculture (2014)). The shape of each curve captures the typical
characteristics of head-capacity relationships, but with each pump operating over a different
range of heads and having a different maximum discharge capacity. The maximum discharge
capacity of each pump (6000, 7000, or 8000 m3 day-1) cannot be exceeded irrespective of how
small total dynamic head is. Initially, increases in total dynamic head generate only relatively
small changes in well yield due to the steepness of the head-capacity curve. However, as total
dynamic head is increased further, sensitivity increases and the marginal reductions in well yield
become larger as the head-capacity curve flattens out. Finally, a specific value of total dynamic
head is reached (60, 70, or 80 m), known as the shut-off head (Pritchard, 2007), above which
well yield is equal to zero and the pump will become inactive until water levels recover to lower
total dynamic head sufficiently.
The use of head-capacity curves enables the quantification of changes in well yield as a func-
tion of groundwater abstraction, and, as a result, provides a mechanism to extend the analyses
presented in Chapters 2 and 3 to incorporate the bi-directional feedbacks between well yield
and groundwater-fed irrigation decision making. Head-capacity curves have been included as an
abstraction management option in the recently released multi-node well package (MNW2) for
MODFLOW (Konikow et al., 2009; Konikow, 2010). However, unlike SPIDERR, this package is
based on a cartesian model grid that does not represent radial flow to a borehole explicitly. Fur-
thermore, the MNW2 package has not been applied in an integrated setting to study the effects
of changes in well yield on irrigated agriculture, and the resultant feedbacks on groundwater use
for irrigation.
In this chapter, a new abstraction management option in SPIDERR is created to allow the
user to specify a head-capacity curve to control abstraction rates. The user must provide a set of
points relating well yield to total dynamic head, along with the elevation of discharge point above
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ground level and the operating pressure of the irrigation delivery system. The set of input points
must include both end points of the head-capacity curve, corresponding to when well yield is equal
to zero and the maximum discharge rate. Following Konikow (2010), it is recommended that a
minimum of four intermediate points also are provided to ensure an accurate fit of a continuous
head-capacity curve. Using the specified set of points, the head-capacity curve is fitted using a
Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) function in MATLAB (Mathworks
Inc., 2013) as illustrated in Figure 4.2. At the start of each potential period of abstraction, defined
in this chapter as a day to be consistent with the resolution at which irrigation scheduling is
modelled in AquaCrop, SPIDERR computes the total dynamic head using Equation 4.5 given
the current head in the borehole. Subsequently, the maximum well yield is determined for the
current day by evaluating the head-capacity curve at the calculated value of total dynamic head.
This estimated well yield is, in turn, provided as an output to the Matlab-AquaCrop model as
part of the integrated hydro-economic modelling framework that is described in Section 4.2.3,
ensuring that calculated irrigation pumping never exceeds the maximum pumping capacity of
the well.
4.2.3 Model integration
SPIDERR is integrated with the Matlab-AquaCrop and economic irrigation decision making
models, which have been developed in Chapters 2 and 3, to facilitate coupled analysis of the
agricultural groundwater system. Initially, it was planned that the models would be integrated
using the OpenMI. The codes of both the Matlab-AquaCrop and the economic irrigation decision
making model, therefore, have been redesigned to meet the requirements of the OpenMI standard.
Migration of models to the OpenMI standard involves a number of key steps (OpenMI Associ-
ation, 2010). First, the code of both models is restructured into three separate core functions:
(1) an Initialise function that reads input files and sets up the model; (2) a PerformTimeStep
function that runs a single time-step of the model simulation; and (3) a Finish function that
writes final output data and closes model files and processes. Functions are then incorporated
to allow the models to exchange data (e.g., well yield, total dynamic head, irrigation pumping)
using the OpenMI. As the OpenMI standard is implemented in the C# programming language,
the Matlab compiler (Mathworks Inc., 2013) is used to package each of the models as individual
C dynamic-linked libraries (dll). These dll’s can then be accessed through the OpenMI using
a C# wrapper that was developed previously for SPIDERR (Upton et al., 2013), which is also
coded in Matlab. However, while the process of model migration was achieved successfully, diffi-
culties were encountered when trying to link the three models through the OpenMI. Specifically,
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Figure 4.2: Three hypothetical head-capacity curves describing the relationship between total
dynamic head (m) and well yield (m3 day-1). Curves are fitted with a Piecewise Cubic Hermite
Interpolation Polynomial in Matlab (Mathworks Inc., 2013) using the data points shown in the
relevant point markers.
it was found that integration of multiple Matlab models may result in unexpected failures of the
OpenMI Configuration Editor that is used to interactively specify model data exchanges. It is
believed that this problem is caused by the fact that the C# wrapper for each model requires
access to the Matlab Compiler Runtime (MCR) libraries, but that the MCR cannot be accessed
by multiple models simultaneously (Mathworks Inc., 2013). It is likely, therefore, that integration
of SPIDERR with additional models that are programmed in Matlab will require modification
of the existing C# wrapper or use of an alternative model wrapper, such as the Simple Script
Wrapper that recently has been developed by Bulatewicz et al. (2013).
Investigation and development of alternative model wrappers is beyond the scope of this
thesis. Therefore, as the economic model, the Matlab-AquaCrop model, and the SPIDERR flow
model are all coded in Matlab, the integrated hydro-economic model is developed directly in
Matlab. Integration is achieved using a main function that is coded to control the execution
of the three core functions (Initialise, PerformTimeStep, Finish) of each individual model and
to enable input/output of a range of exchange variables between models. Figure 4.3 illustrates
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the order that each function is executed within the integrated model, highlighting the annual
and daily iteration loops that advance the integrated simulation in time. The calculations and
data exchanges performed by each model function are described in the sub-sections below, and
the relevant input and output exchange variables are summarised in Table 4.1. It should be
noted that the integrated model setup currently does not consider the broader changes in the
regional groundwater system or the interactions of multiple abstraction wells supplying multiple
different agricultural firms. Nevertheless, the integrated modelling framework does provide a
novel tool for evaluating dynamic bi-directional feedbacks between agricultural production and
groundwater at the scale of a single-well supplying an individual production field. Incorporation
of the ZOOMQ3D regional groundwater flow model and additional radial abstraction borehole
models are key areas for future model development, as will be discussed in detail in Chapter 5.
Table 4.1: Input/output exchange variables to/from each individual sub-component of the inte-
grated modelling framework
Model Input Output
Economic (pre-season) Well yield , Total dynamic head Soil moisture target, Irrigated
area
Matlab-AquaCrop Well yield, Soil moisture target,
Irrigated area
Irrigation pumping, Crop yield
SPIDERR Irrigation pumping Well yield, Total dynamic head
Economic (post-season) Crop yield, Irrigation pumping,
Well yield, Total dynamic head
Profit
Initialise models
At the start of a simulation the integrated model begins by running the Initialise function of
each model in order to initialise the model parameters and set up the initial conditions. The
initialisation process also defines the length of the simulation period and time-step for each model.
By default, SPIDERR and the Matlab-AquaCrop model run on a daily time-step. Contrastingly,
the pre- and post-season economic models are executed once per year, on the first and final day
of each simulation year, respectively, where each simulation year is assumed to begin on the
specified date of crop planting. The total number of time steps for the full integrated simulation
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is equal to the length of the daily weather time series that is provided as an input to the Matlab-
AquaCrop model. In addition, the start and end dates of this weather time series are specified
as inputs to the individual models to ensure each model’s internal clock is set up for the same
time period.
Initialise: 
all models 
Perform time-step:  
Pre-season economic model 
Perform time-step:  
Matlab-AquaCrop model 
Perform time-step: 
SPIDERR flow model 
Perform time-step:  
Post-season economic model 
Finish: 
all models 
Iterate 
simulation 
years 
Iterate 
simulation 
days 
Figure 4.3: Flow chart showing the structure of the integrated modelling framework. The flow
chart illustrates the order in which the core functions (Initialise, Perform time-step, and Finish)
of each model are executed, and highlights the daily and annual model iteration loops. Exchange
of input and output data (Table 4.1) is facilitated though the use of a globally accessible variable
structure, ExchangeVariables, that is updated after each execution of an individual model time-
step.
115
Perform time-step: Pre-season economic model
Once the initialisation process is complete, the PerformTimeStep function of each model is
executed in the order shown in Figure 4.3 to advance each model’s internal clock by a single
time-step. The first model to execute is the pre-season economic model of irrigation decision
making. The pre-season economic model first checks whether the current day is equal to the
planting date for the current simulation year, which is a model input parameter. If so, then
the pre-season economic model is solved to determine the optimal irrigation strategy for the
upcoming growing season.
The methodology used to determine the pre-season selection of an optimal irrigation strategy,
which is composed of the intensive margin choice of soil moisture target and extensive margin
choice of irrigated area, is largely identical to that described in Section 3.2.2. In previous chapters,
predictions of the profit distribution for each choice of irrigated area were conditioned on the
assumption that the farmer would adopt the unique profit-maximising soil moisture target in
each year (Equation 3.2). However, in this chapter the integrated model is used to simulate
not only the pre-season irrigation decision, but also the actual intraseasonal irrigation decisions
in the current simulation year that result from that pre-season choice of irrigation strategy.
It is desirable, therefore, for the pre-season economic model to estimate the expected optimal
irrigation strategy in terms of the joint choice of both a soil moisture target and irrigated area
in order to avoid introducing the assumption that the farmer has perfect foresight of the optimal
soil moisture target in any given year of the integrated simulation period.
Equation 3.2 is refined to enable estimation of the profit and volumetric irrigation use distri-
butions for each joint choice of soil moisture target and irrigated area as shown in Equation 4.6.
Data required to solve Equation 4.6, including the economic parameter values and the stochastic
intraseasonal crop-water production function defining the variable relationship between the soil
moisture target and both crop yield and total seasonal irrigation use, are provided as inputs
to the pre-season economic model. Well yield and total dynamic head are defined according
to the values simulated for the end of the previous time step by SPIDERR, which are stored
within a globally accessible variable structure, ExchangeVariables, and are iteratively updated
on each day of the integrated simulation period. However, it should be noted that irrigation
pumping will result in additional drawdown that may, in turn, lead to changes in well yield and
groundwater pumping costs during the growing season. An option therefore is provided within
the pre-season economic model to adjust the values of total dynamic head and well yield that
are applied in the calculations in Equation 4.6 to account for additional anticipated drawdown
of borehole water levels during the upcoming growing season. Anticipated drawdown may be
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specified in the pre-season model input files as a constant value for the full simulation period or,
alternatively, may be defined on the basis of drawdown rates in previous simulation years. In
turn, the anticipated value of well yield is updated using the anticipated total dynamic head and
the head-capacity curve specified in the abstraction management routine of SPIDERR.
[pij,a,i, Gj,a,i] =
[
Yj,a,i
(
Mj ,Ωi | Aa, C˜td
) · (pcrp − chrv)− cfxd (4.6)
−Wj,a,i
(
Mj ,Ωi | Aa, C˜td
) · cwat(C˜td , L˜td)] ·Aa
where pij,a,i, Gj,a,i, Yj,a,i, Wj,a,i are the estimated profit, volumetric seasonal groundwater pump-
ing for irrigation, per-area crop yield, and per-area seasonal irrigation use, respectively, for soil
moisture target j on irrigated area a in year i of the stochastic intraseasonal crop-water produc-
tion function, Ωi is a vector of daily weather variables for all days in year i used to generate
the stochastic intraseasonal crop-water production function, Mj is the soil moisture target, Aa
is the irrigated area size, pcrp is the crop price, chrv are the crop harvesting costs, cfxd are the
fixed production costs, and cwat are the variable costs of irrigation water that are calculated
using Equations 3.3-3.7. C˜td and L˜td refer to the well yield and total dynamic head, respectively,
simulated by SPIDERR for day d in year t of the integrated simulation period, and include any
adjustment to these values that is applied to account for anticipated intraseasonal drawdown in
the borehole.
Subsequently, the estimated distributions of annual profit and volumetric groundwater irri-
gation use are used to determine the certainty equivalent maximising joint irrigation strategy for
the upcoming growing season (Equation 4.7). Equation 4.7 is based on the the certainty equiv-
alent maximisation procedure used in Chapter 3 (Equation 3.8), but, as discussed, the optimal
irrigation decision for a given well yield and total dynamic head is now determined in terms of
the joint choice of the optimal irrigated area, A∗t , and optimal soil moisture target, M∗t . Fur-
thermore, while previously the certainty equivalent was estimated conditional on the assumption
that seasonal volumetric irrigation use must be less than or equal to the specified regulatory
limit in every individual year that is used to generate the stochastic intraseasonal crop-water
production function (Equation 3.2), here the optimal irrigation strategy only depends on the ex-
pected seasonal volumetric irrigation use not being greater than the specified abstraction limit.
Importantly, this refinement enables the integrated model to account for the fact that ground-
water use restrictions may not be binding in every individual year. In reality, regulations may be
formulated to restrict average usage over a period of several years to some specified level in order
to provide the flexibility to increase water use in drought years whilst decreasing usage in wetter
years. For example, in the Republican River Basin in Nebraska, groundwater use restrictions are
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enforced over five-year rolling windows and farmers’ are also allowed to bank and carryover a
proportion of unused water from previous periods (Upper Republican Natural Resources District,
2010; Palazzo and Brozović, 2014).
[A∗t ,M
∗
t ] = max
A,M
E [pi(A,M | C˜td , L˜td)]− 0.5 · σ2pi
(
A,M | C˜td , L˜td
) · γ
E
[
pi
(
A,M | C˜td , L˜td
)]
 (4.7)
subject to:
E
[
G
(
A,M | C˜td , L˜td
)] ≤ V
where A∗t and M∗t are the optimal irrigated area and soil moisture target, respectively, for year t
of the integrated simulation, σ2pi is the profit variance, γ is the Arrow-Pratt coefficient of constant
relative risk aversion, and V is the regulatory limit on annual groundwater abstraction.
Finally, the optimal irrigation strategy (A∗t and M∗t ) determined by Equation 4.7 for the
current growing season is stored within the globally accessible ExchangeVariables structure to
be provided as an input to the Matlab-AquaCrop model.
Perform time-step: Matlab-AquaCrop model
The second model to perform an internal time-step is the Matlab-AquaCrop model. The model
begins by checking whether crop growth is active on the current simulation day. Crop growth is
determined to be active if planting has been triggered in the current simulation year, as defined by
the specified planting date contained in the model input parameter files, and if crop development
has yet to be terminated due to the crop reaching maturity or dying prematurely.
If the growing season is active at the current time step, the Matlab-AquaCrop model is
solved to update crop development and soil water content for the next time step. The model so-
lution is based on the equations and calculations procedures described in the original AquaCrop
model documentation (Raes et al., 2012), and is driven by weather data (maximum and min-
imum temperature, precipitation, and computed reference evapotranspiration) for the current
simulation date. These values are extracted from the weather time series that is provided as
an input to AquaCrop covering the full integrated model simulation period. Importantly, the
Matlab-AquaCrop model solution determines the volumetric rate of groundwater pumping for
irrigation during the current time step (Equations 4.8-4.9). Equation 4.8 is comparable to that
used when generating a stochastic intraseasonal crop-water production (Equation 2.5), but now
enables explicit consideration of the actual daily changes in well yield calculated by SPIDERR
and of the annual choice of the optimal irrigation strategy (soil moisture target and irrigated
area) determined by the pre-season economic model. Following completion of the time-step, the
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groundwater pumping rate in the ExchangeVariables structure is updated to enable this value
to be used as an input to the subsequent calculations performed by SPIDERR. In addition, if
during the current time step the crop either reaches physiological maturity or dies prematurely,
then the crop growing season in AquaCrop is recorded as having terminated and the final crop
yield is stored in the ExchangeVariables structure for use an input to the post-season economic
model.
wtd =

min
[(
Θfc −Θrz,td−1
) ∗ Zrz,td−1 , CtdA∗t
]
,
(
Θrz,td−1 −Θwp
Θfc −Θwp
)
< M∗t
0, Otherwise
(4.8)
gtd = A
∗
t · wtd (4.9)
where Θrz,td−1 and Zrz,td−1 are the root zone soil water content and root zone depth, respectively,
simulated by the Matlab-AquaCrop model up to the end of previous day, d− 1, in year t of the
integrated simulation, Ctd is the well yield simulated by SPIDERR for day d in year t, wtd and
gtd are the depth of applied irrigation and volumetric rate of groundwater pumping for irrigation,
respectively, simulated by the Matlab-AquaCrop model on day d of year t, M∗t and A∗t are the
optimal soil moisture target and irrigated area, respectively, estimated in year t by the pre-season
economic model, and Θfc and Θwp are the soil water contents at field capacity and permanent
wilting point, respectively, that together define soil water holding capacity.
Contrastingly, if the current time step falls outside the crop growing season then a reduced
set of calculations are performed by the Matlab-AquaCrop model. Crop growth and yield devel-
opment are not simulated, and, instead, crop state variables are reset to their initial conditions
ready for the start of the next growing season. Soil water content is updated by simulating the
active components of the soil water balance (i.e., runoff, infiltration, drainage, and soil evapora-
tion) using the calculation procedures for each process described in the original AquaCrop model
documentation (Raes et al., 2012). However, it should be noted that the user has the option
to turn off the updating of soil water content outside the growing season. If this option is se-
lected in the Matlab-AquaCrop model parameter input files, no soil water balance computations
are performed by the Matlab-AquaCrop model during the current time step and the soil water
content is simply set equal to a user-specified value throughout the entire soil profile. However,
irrespective of this choice, it is assumed that no irrigation can be applied on days that fall outside
of a period of crop growth and, therefore, the updated value of volumetric groundwater pumping
for the current time-step, gtd , is set equal to zero.
119
Perform time-step: SPIDERR model
Following the completion of a single time-step by the Matlab-AquaCrop model, SPIDERR is exe-
cuted to update aquifer conditions. As described in Section 4.2.1, SPIDERR solves implicitly the
governing partial differential groundwater flow equations at each point on the radial and carte-
sian model grids, using Matlab’s adaptive time-stepping solver ode15s (Shampine and Reichelt,
1997), to obtain values of head at the start of the next simulation day across the whole model
domain. This solution is conditioned on the groundwater pumping rate for the current time-step
estimated by the Matlab-AquaCrop model, and also considers the recharge rate during the time
step that must be specified as an input to SPIDERR. It is assumed that each daily time-step
is equal to a single stress period, and, therefore, pumping and recharge occur at constant rate
during each simulation day. In addition, no adjustment is made to well yield within the daily
time-step to maintain consistency with the temporal resolution at which well yield is updated in
the calculations of groundwater pumping by the Matlab-AquaCrop model.
Once the solution has satisfied the model convergence criteria, the calculated head at the
borehole node is used to estimate an updated value of total dynamic head for the start of the
following time-step, Ltd+1 , using Equation 4.5. This value is then applied to calculate the borehole
well yield for the next time-step, Ctd+1 , on the basis of the specified head-capacity curve. Finally,
the updated values of total dynamic head and well yield are stored within the ExchangeVariables
structure for use as inputs to other models in the subsequent time-step.
Perform time-step: Post-season economic model
The Matlab-AquaCrop models and SPIDERR flow models continue to iterate on a daily time-
step until the integrated simulation reaches the final day of the current simulation year (note
that as previously described, each simulation year starts on the specified date of crop planting
and finishes prior to the corresponding day in the following year). Once the model has iterated
through all days in the current simulation year, a post-season economic model, which has not
been used in the analyses in this thesis thus far, is executed to estimate the actual profits obtained
from irrigated agricultural production in simulation year t using Equation 4.10.
pit =
{
Yt · (pcrp − chrv)− cfxd −
nt∑
d=1
[wtd · cwat (Ctd , Ltd)]
}
·A∗t (4.10)
where pit is the actual profit in year t, Yt and wtd are the final crop yield and daily irrigation
application depths, respectively, in year t simulated by the Matlab-AquaCrop model, Ltd and
Ctd are vectors of daily well yield and total dynamic head, respectively, simulated by SPIDERR,
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nt is the length of the growing season in days, d, in year t, and A∗t is the optimal irrigated area
in year t estimated previously by the pre-season economic model.
The calculations in Equation 4.10 require economic parameters values, which are identical
to the values specified for the pre-season economic model, along with estimates of intraseasonal
irrigation decisions and final crop yield that have been estimated and stored during the current
simulation year by the Matlab-AquaCrop model. Importantly, Equation 4.10 captures the im-
pacts of intraseasonal changes in total dynamic head and well yield on the variable water cost
associated with each individual irrigation event, and, therefore, provides a more realistic estimate
of actual economic returns to groundwater-fed irrigation in each simulation year.
Finish models
The integrated model continues to iterate through the annual and daily model loops by perform-
ing the individual model calculation described above, until the simulation time of all models has
advanced to reach the specified end date of the full integrated simulation period. Subsequently,
the Finish function of each model is executed, and the daily and annual model predictions gener-
ated by each individual model are written to output files for subsequent post-processing, analysis,
and visualisation.
4.2.4 Model parameterisation
Before integrated simulations can be conducted, each individual model first must be parame-
terised. Each model is parameterised to be representative of a typical field-level corn production
system in the Upper Republican River Basin, Nebraska, that is irrigated using a centre-pivot
irrigation system supplied by a single groundwater abstraction borehole. It should be noted
though that the aim of these simulations is not to replicate observed conditions or to make
specific recommendations about actual groundwater management in the region. Instead, simula-
tions are used to provide a proof-of-concept test of the proposed integrated modelling framework
and to generate insights about long-term agricultural groundwater system dynamics, using a
parameterisation that is spatially consistent across all the individual sub-models.
Pre- and post-season economic models
A number of common economic parameter values are required as inputs to both the pre-season
(Equation 4.6) and post-season (Equation 4.10) economic models. Crop price (pcrop), fixed costs
(cfxd), and the variable costs of water (cwat) and crop harvesting (chrv) are set equal to the
values used in the numerical simulations in Chapter 3 (Table 3.4), which are representative of
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typical prices and costs for an irrigated corn production budget in Nebraska (Klein and Wilson,
2013).
For the pre-season economic model, it is also necessary to provide a stochastic intraseasonal
crop-water production function that defines the relationship between soil moisture target and
both crop yield and total seasonal irrigation, given variability in weather and instantaneous
irrigation application rates. The stochastic intraseasonal crop-water production function that is
applied in this chapter is identical to the production function generated for the numerical analysis
in Chapter 3. As described in Section 3.2.2, the stochastic function consists of 32 realisations of
the relationship between soil moisture target and both crop yield and total seasonal irrigation
that are generated using Matlab-AquaCrop model for 32 years of daily weather data recorded
between 1982 and 2013 at Champion in Chase County in the Upper Republican River Basin. In
turn, a unique version of each stochastic function is created for different maximum daily irrigation
rates (wmax) ranging from 0.1 mm to 20 mm in increments of 0.1 mm to enable consideration of
the effects of dynamic changes in well yield and/or irrigated area on the crop-water production
relationship over the simulation period.
The irrigation decision space in the pre-season economic model is discretised according to
the range of possible choices available to a farmer operating a centre-pivot irrigation system to
supply a typical quarter section production field. As in previous analyses, potential irrigated
area is assumed to vary from 0 ha to 52.65 ha in increments of 0.405 ha, and the potential set
of soil moisture targets ranges from 0 (permanent wilting point) to 1 (field capacity) in steps
of 0.01. As in Chapter 3, all integrated simulations assume that the crop is planted on May
1 in each year and that the farmer is risk neutral so that the coefficient of risk aversion, γ, is
equal zero. The specified regulatory abstraction limit is also defined in the pre-season economic
model inputs, and is considered to be constant for all years in a given integrated simulation.
However, as detailed in Section 4.2.5, the abstraction limit is varied across the different sets
of integrated model simulations presented in this chapter to evaluate the effects of a range of
regulatory conditions, from unlimited abstraction to highly restricted pumping.
Matlab-AquaCrop model
Crop and soil hydraulic parameter values used in the simulations performed by the Matlab-
AquaCrop are defined according to the parameter sets developed in Section 3.2.2 to represent
irrigated corn production in Chase County in the Upper Republican River Basin (Tables 3.2 and
3.3). As for the pre-season economic model, it is assumed that the crop is planted on May 1 each
year with a planting density of 74,132 plants ha-1, consistent with typical agronomic practices in
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the region (U.S. Department of Agriculture National Agricultural Statistics Service, 2010).
The weather data time series needed to run the Matlab-AquaCrop model is generated syn-
thetically using the 32 years of observed data recorded at Champion (High Plains Regional
Climate Center, 2014) that are described in Section 3.2.2. A time series of 200 years of daily
weather data, including maximum and minimum temperature, precipitation, and computed ref-
erence evapotranspiration, is created by sampling years from this observed record at random.
This approach is adopted as the observed 32-year weather record is insufficiently long to study
long-term changes in the coupled agricultural-groundwater system. An alternative approach
that was considered was to generate the weather time series using a numerical weather genera-
tor. However, weather generators that commonly have been used in agricultural analyses, such
as LARS (Semenov et al., 1998) and ClimGen (Stockle and Nelson, 1999), were either unable to
estimate the complete set of weather inputs required by the Matlab-AquaCrop (e.g., LARS does
not estimate wind speed or relative humidity values that are needed to compute reference evap-
otranspiration reliably), or were found to have difficulties replicating the full range of weather
conditions that occur in the observed record at Champion (e.g., drought intensity and frequency
were reproduced poorly in the synthetic record generated by ClimGen).
In the integrated simulations conducted in this chapter, the option to simulate changes in
soil water content outside of crop growing seasons is disabled. Instead, the soil water content
at the start of growing season in each simulation year is assumed to be equal to 85 % of soil
water holding capacity throughout the entire soil profile (Grassini et al., 2010). This ensures
consistency between the initial soil water content used in the simulations of actual crop yield by
the Matlab-AquaCrop model, and the initial soil water content that is assumed in the generation
of the stochastic intraseasonal crop-water production function used in the pre-season economic
simulations. Addressing this simplification will be a focus for future model development, and
will be discussed further in Chapter 5.
SPIDERR model
SPIDERR is set up to represent a hypothetical localised groundwater system around a single
abstraction borehole supplying a centre-pivot irrigated field. The parameters applied in this
hypothetical model are described below along with the source of each parameter value where
applicable.
Figure 4.1 illustrates the size and location of both the cartesian and radial model grids. The
cartesian grid has dimensions of 2000 m by 2000 m, with a grid spacing of 250 m. No-flow
boundaries are specified along the outer boundary of the cartesian model grid as the regional
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groundwater system is not considered in the analysis in this chapter. Vertical aquifer thickness
is set equal to 70 m, characteristic of the depth from the ground surface to the base of the
High Plains Aquifer underlying the Upper Republican River Basin in south-western Nebraska
(Houston et al., 2013). The full aquifer thickness is represented by a single unconfined model
layer that extends from the base of the aquifer to the ground surface. The abstraction borehole
is located at the centre of the cartesian grid (x = 1000 m, y = 1000 m), and is defined as uncased
and full penetrating. The radial model extends to a radial distance of 375 m, and is discretised
using 41 nodes that are spaced logarithmically between the borehole and outer boundary of the
radial flow model. In addition, the radial model is divided into a total of 12 circumferential
intervals to enable accurate estimation of radial flow convergence to the abstraction borehole.
Aquifer properties are defined according to the values reported by Houston et al. (2013) for
the portion of the High Plains Aquifer underlying the Upper Republican River Basin. Specific
yield is set equal to 0.15 and hydraulic conductivity is defined as 20 m day-1, and both parameters
are assumed to be homogenous in all directions. Similarly, initial heads in the aquifer are assumed
to be uniform across the whole model domain, equal to a height of 65 m to enable analysis of
the system evolution from a starting point of minimal depletion. Recharge is also provided as
an input to SPIDERR in the form of a constant daily flux rate. However, as will be described in
Section 4.2.5, the recharge rate is not constant for all simulations and is varied between 0 mm
yr-1 and 50 mm yr-1 to evaluate the effects a range of potential recharge conditions that may
occur in the region (Scanlon et al., 2012; Crosbie et al., 2013).
To enable calculation of total dynamic head (Equation 4.5), the irrigation system operating
pressure is defined as 240 KPa and it is assumed that the elevation of the discharge point above
the ground surface is 2 m. Friction losses are challenging to estimate for a hypothetical case
as they are influenced by the dimensions and flow rate of the installed pipe system (Boonstra
and Soppe, 2006), and, therefore, these losses are not included in the analysis in this chapter.
Finally, a set of points needed to fit a head-capacity curve defining the relationship between total
dynamic head and well yield are also provided as an input to SPIDERR. As will be discussed in
the following section, a total of three different head-capacity curves (Figure 4.2) are fitted and
applied in the integrated model simulations in this chapter in order to examine the sensitivity of
the model predictions to a farmer’s pump choice.
4.2.5 Integrated model simulations
A range of simulations are conducted to test the capabilities of the integrated modelling frame-
work, and also to generate insights into the dynamic co-evolution of the coupled agricultural-
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groundwater system over time. In this chapter, four sets of integrated simulations are presented
that assess the effects on model predictions of the: (1) choice of head-capacity curve; (2) antic-
ipation of intraseasonal drawdown; (3) recharge rate; and (4) regulatory abstraction limit, each
of which are described briefly below.
In the first set of simulations, the parameterised integrated model is run over the 200-year
simulation period using each of the three head-capacity curves shown in Figure 4.2 in turn. Inflow
to the aquifer from recharge is zero, abstraction in each year is unrestricted by regulations, and
it is assumed that the farmer does not anticipate any intraseasonal drawdown during the pre-
season selection of an irrigation strategy. The focus of the integrated simulations, therefore, is
to analyse the effects of the farmer’s choice of irrigation pump, and illustrate how this decision
may affect changes in both the groundwater system and agricultural production over time.
The second set of simulations repeat the analyses described above using head-capacity curve
2 (Figure 4.2), but assume that the farmer anticipates intraseasonal drawdown, and resultant
changes in well yield, when making the pre-season irrigation decision. The anticipated increase
in total dynamic head in each year, Dt, is equal to the average of a specified proportion, df ,
of the maximum intraseasonal drawdown that has occurred during previous time-steps, and is
calculated using Equation 4.11. This approach was chosen over the specification of a constant
value for the full simulation period as the degree to which borehole water levels are lowered
within a given growing season may vary inter-annually as a function of changes in groundwater
conditions and irrigation practices. Simulations are conducted for a range of levels of anticipation,
characterised by varying the value of df from 0 % (no anticipation) to 100 % (full anticipation)
in increments of 20 % to assess the changes in the trajectory of the coupled system and what
impact these differences have on the estimated productivity and profitability of groundwater-fed
irrigation.
Dt =

t−1∑
t=1
(Dmt · df)
t− 1 t > 1
0, t = 1
(4.11)
where Dt is the anticipated drawdown in simulation year t, Dmt is the maximum intrasea-
sonal drawdown in year t, and df is a factor defining the proportion of maximum intraseasonal
drawdown that is anticipated.
A third set of integrated simulations introduce the effect of recharge into the coupled analysis.
200-year integrated simulations are conducted for recharge rates equal to 0, 10, 30, and 50 mm
yr-1 that capture the range of recharge conditions observed in the Upper Republican River Basin
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(Scanlon et al., 2012; Crosbie et al., 2013). Recharge is assumed to be constant both spatially and
temporally. In all model runs, the head-capacity curve is defined according to curve 2 in Figure
4.2 and the farmer is assumed to anticipate 100 % of expected intraseasonal drawdown (Equation
4.11). The findings are used to analyse how the balance between abstraction and recharge
may influence dynamic bi-directional changes in the agricultural-groundwater system, and to
provide insights about how variability in recharge rates may alter the long-term sustainability of
groundwater-fed irrigated agriculture.
Finally, a fourth set of test simulations are conducted to determine the effects of regulatory
restrictions on groundwater abstraction. Integrated simulations consider abstraction limits rang-
ing from 120,000 m3 yr-1 to 280,000 m3 yr-1 in increments of 40,000 m3 yr-1. For each simulation
the head-capacity curve and anticipated drawdown are defined identically to the third set of
simulations, and the annual recharge rate is set equal to 30 mm yr-1. Simulations are repeated
for initial aquifer saturated thickness values of of 65 m, 55 m, and 45 m to examine the impact
of prior groundwater depletion on modelled outcomes. All simulation outputs are compared
with results obtained previously for unlimited abstraction in order to estimate the economic ef-
fects of restricting groundwater use over the 200-year length of the integrated simulation period.
Welfare gains and losses for each abstraction limit are evaluated in terms of net present value
(Equation 4.12). Different discount rates, λ, ranging from 0 % to 5 %, are considered to assess
the impacts of farmers’ cash flow time preference on the impacts of abstraction regulations. A
discount rate of 0 % implies that cash flows are valued equally irrespective of the time they are
received, whereas positive discount rates represent increasing preference for near-term cash flows
and negative discount rates reflect greater preference for future cash flows.
NPV =
N∑
t=1
pit(
1 + λ100
)t (4.12)
where NPV is the net present value, pit is the actual profit in simulation year t, t is the simulation
year, N is the total number of years in the simulation, and λ is the discount rate.
4.3 Results and discussion
4.3.1 Simulation set one: Head-capacity curve
The results of the first set of simulations demonstrate the ability of the integrated model to
describe temporal changes in both aquifer water levels and well yields, and the the resultant
feedbacks on long-term evolution of the coupled agricultural groundwater system. Figures 4.4
and 4.5 show the modelled changes in total dynamic head and well yield, respectively, over the
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200-year simulation period when using each of the three head-capacity curves specified in Figure
4.2. In each case, as inflows to the aquifer are assumed to be zero, pumping increases total
dynamic head and reduces borehole well yields over time as the aquifer is depleted. Depletion
continues until well yield reaches a constant value of around 700-750 m3 day-1, below which
irrigated production is unprofitable on even small field sizes due to the high labour, repair and
maintenance costs associated with operating a centre-pivot that takes large amounts of time to
apply each unit of irrigation (Equations 3.4 and 3.6). However, the associated total dynamic
head and the time taken to reach this end point differs for each of the three head-capacity curves
as the hypothetical pumps all operate over different ranges of total dynamic head and well yields.
Total dynamic head plateaus at around 59 m after 99 years, 69 m after 113 years, and 79 m after
134 years of the simulation period for head-capacity curves 1, 2, and 3, respectively.
The inter-annual changes in well yield and total dynamic head described above are reflected
in the trajectory of irrigation decision making over the simulation period. Figure 4.6 shows the
changes in the joint choice of soil moisture target and irrigated area in each year. Irrigated
area initially is constant and equal to the maximum value of 52.65 ha for all three head-capacity
curves, but declines over time due to depletion of the aquifer storage and consequent reductions in
well yields. Declines in irrigated area occur earliest for head-capacity curve 1 and latest for curve
3 due to the differences in the operating range of the three hypothetical pumps. Contrastingly,
interannual changes in the choice of soil moisture target are more limited with declines of only
12 %, 12 %, and 14 % observed for curves 1, 2, and 3, respectively. As discussed in previous
chapters, the limited use of intensive margin adjustments in response to groundwater depletion
reflects the need to maintain adequate soil moisture to avoid large reductions in crop yield
and also the minimal effects that increased pumping costs have on optimal irrigation decision
making. Instead, inter-annual declines in volumetric groundwater pumping for irrigation (Figure
4.7) predominately are caused by reductions in the total irrigated area as a result of declining
well yields. In turn, the declining trend in volumetric groundwater pumping also explains the
gradual slowing of the marginal inter-annual changes in total dynamic head (Figure 4.4) and
well yield (Figure 4.5) as the system approaches the time at which irrigated production ceases
to occur.
It is important also to note that changes in total dynamic head and well yield are not modelled
solely at inter-annual timescales. Figures 4.4 and 4.5 demonstrate that significant intraseasonal
variations in total dynamic head and well yield also arise as a consequence of the drawdown of
borehole water levels during pumping and subsequent recovery of water levels within the well.
The magnitude and timing of intraseasonal drawdown and reductions of well yields is dependent
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Figure 4.4: Trajectory of total dynamic head (m) on a daily time-step during the 200-year
integrated simulation period for model runs conducted using head-capacity curves 1, 2, and 3
(panels a-c, respectively) shown in Figure 4.2.
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Figure 4.5: Trajectory of well yield (m3 day-1) on a daily time-step during the 200-year integrated
simulation period for model runs conducted using head-capacity curves 1, 2, and 3 (panels a-c,
respectively) shown in Figure 4.2.
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Figure 4.6: Optimal: (a) soil moisture target (%); and (b) irrigated area (ha) in each year of the
200-year integrated simulation period for model runs conducted using head-capacity curves 1, 2,
and 3 shown in Figure 4.2.
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Figure 4.7: Annual volumetric groundwater pumping for irrigation (1000 m3 yr-1) over the 200-
year integrated simulation period for model runs conducted using head-capacity curves 1, 2, and
3 (panels a-c, respectively) shown in Figure 4.2.
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on the choice of head-capacity curve, and, in general, is greatest for pumps that operate to
higher maximum pumping capacities (e.g., head-capacity curve 3) and therefore produce larger
cones of depression during pumping. Significantly, a farmer’s well pumping capacity during
periods of prolonged pumping within the growing season may be substantially lower than the
well yield assumed at the start of the growing season in the selection of an optimal irrigation
strategy. In extreme cases, total dynamic head may increase to levels that result in the complete
shut down of the pump for several subsequent days until borehole water levels recover and
total dynamic head is reduced sufficiently (e.g., as is shown to occur for head-capacity curves
2 and 3 in Figure 4.5). Intraseasonal restrictions in pumping rates, in turn, may have large
negative impacts on actual crop yields and profits in a given year. The top panels of Figure
4.8 demonstrate that large economic losses occur in certain years of the integrated simulation
period. Correspondingly, the bottom panels of Figures 4.8 show that these loss events are strongly
correlated with the occurrence of low or zero crop yields. These reductions in per-area crop yields
occur due to the limitations that unanticipated intraseasonal declines in well yields impose on
irrigation scheduling, leading water stress effects on crop development that cause premature or
early termination of the crop growing season.
The results of this set of test simulations have shown that the use of pump head-capacity
curves is a valuable methodology for quantifying changes in well yield and total dynamic head
over time, and the resultant bi-directional feedbacks of these changes on irrigated agricultural
production. The findings highlight that system evolution is sensitive to the specification of
the head-capacity curve. A farmer’s choice of pump therefore may play an important role in
determining the spatial and temporal variability of aquifer depletion impacts on agricultural
producers, which has not been considered in previous applications of hydro-economic models
that have evaluated local-level irrigation water use decisions made by farmers (e.g., Brozović
et al. (2010); Bulatewicz et al. (2010); Madani and Dinar (2012a); Saak and Peterson (2012);
Mulligan et al. (2014)). In addition, this result suggests that changes in pump type could be used
by farmers as an adaptive response to reductions in well yields over time, with consequent effects
on temporal trends in groundwater pumping for irrigation and the rate of aquifer depletion.
This behavioural response is not modelled explicitly in this thesis, but could be explored further
in future work. A more detailed analysis would also need to consider other factors that have
neglected in this chapter, including the variability in the costs of purchasing and owning different
pumps, and the changes in pumping system efficiency that occur non-linearly along a specified
head-capacity curve (Boonstra and Soppe, 2006; University of Nebraska-Lincoln, 2012). Finally,
the findings presented in this section have also demonstrated that pre-season determination of
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an optimal irrigation strategy should consider not only the water level and well yield at the time
of planting, but also the expected changes in these conditions that will occur as a result of cycles
of drawdown and recovery within the upcoming growing season. In the following section, the
effects of anticipating drawdown when making the pre-season economic decision are analysed,
and the results are compared with those obtained in this section to assess the changes in the
long-term trajectories of aquifer conditions and agricultural production.
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Figure 4.8: Annual profit (1000 $) and per-area crop yield (tonne ha-1) over the 200-year inte-
grated simulation period for model runs conducted using head-capacity curves 1, 2, and 3 (panels
in columns a-c, respectively) shown in Figure 4.2.
4.3.2 Simulation set two: Drawdown anticipation
The findings discussed in Section 4.3.1 have highlighted that the values of total dynamic head
and well yield at planting may be inadequate for determining farmers’ optimal irrigation strategy.
Instead, expected intraseasonal drawdown of water levels and reductions in well yields should also
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be accounted for in pre-season decision making. Figure 4.9 shows the anticipated total dynamic
head and well yield at the time of crop planting in each year of the integrated simulation period
for different expectations about the drawdown that will occur during the upcoming growing
season, as described in Section 4.2.5. The impacts on total dynamic head are greatest in the
early decades of the simulation when volumetric irrigation pumping is largest, with the expected
total dynamic head increased by a peak value of approximately 7.7 m for the 100 % drawdown
scenario, and decline in magnitude in later years of the simulation. Contrastingly, the largest
impacts on well yields are found between year 60 and year 80 of the integrated simulation where,
due to the shape of the head-capacity curve, anticipation of greater total dynamic head has
disproportionately large effects on expected well pumping capacities. For example, a farmer who
anticipates 100 % of historic intraseasonal drawdown will expect well yield to be as much as 1600
m3 day-1 lower than a farmer who considers only the well yield that is observed at the time of
planting.
25 50 75 100 125 150
0
20
40
60
80
Simulation year
To
ta
l d
yn
am
ic
 h
ea
d 
(m
)
(a)
25 50 75 100 125 150
0
2000
4000
6000
8000
Simulation year
W
el
l y
ie
ld
 (m
3  
da
y−
1 )
(b)
 
 
0%
20%
40%
60%
80%
100%
Figure 4.9: Trajectory of anticipated: (a) total dynamic head (m); and (b) well yield (m3 day-1)
at the time of planting in each year of integrated simulation period. Trajectories are plotted for
different levels of intraseasonal drawdown anticipation, ranging from 0 % to 100 % of the average
maximum intraseasonal drawdown during previous simulation years.
The impacts on the trajectory of irrigation decision making of anticipating additional in-
traseasonal drawdown are shown in Figure 4.10. Figure 4.10a demonstrates that changes in
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the optimal soil moisture target as a function of the level of anticipation generally are minimal,
reflecting the limited intensive margin adjustments that occur in response to aquifer depletion.
However, Figure 4.10b shows that effects on the optimal size of irrigated area are more signifi-
cant. With increasing levels of anticipation, irrigated area begins to decline below the maximum
field size (52.65 ha) earlier in the simulation and, consequently, irrigated production ceases after
a shorter period of time. Indeed, the shift in expected well pumping capacities means that sim-
ulated irrigated area declines to zero after only 90 years for the 100 % anticipation simulation
compared with 113 years when no anticipation of intraseasonal drawdown is considered in the
pre-season irrigation decision.
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Figure 4.10: Optimal: (a) soil moisture target (%); and (b) irrigated area (ha) in each simulation
year. Optimal decisions are plotted for different levels of intraseasonal drawdown anticipation,
ranging from 0 % to 100 % of the average maximum intraseasonal drawdown during previous
simulation years.
Despite the reductions in irrigated production areas observed in Figure 4.10, consideration
of intraseasonal drawdown and its effect on well yields has a positive impact on the estimated
profitability of irrigated production. In particular, Figure 4.11 shows that increasing levels of
anticipation eliminate most of the large economic losses that were predicted in a number of
years in Section 4.3.1. This is because when anticipation is included, the pre-season choice of
irrigation strategy is conditioned on estimates of total dynamic head and, most significantly, well
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yield that more accurately capture actual conditions that will be experienced in the upcoming
growing season and, therefore, ensure sufficient pumping capacity is always available to meet
crop water requirements for the chosen irrigation strategy. This buffering effect is clearly shown
in Figure 4.12, which demonstrates, for the scenario of 100 % anticipation, that actual total
dynamic head and well yields on each day are always maintained at or above the level at which
irrigated agricultural production is terminated when intraseasonal drawdown is neglected in the
simulation of pre-season irrigation decision making. Furthermore, anticipation does not have
detrimental effects to overall profitability as the reduction in economic losses far outweighs the
small declines in profits that occur in other years as a result of reduced production areas. Table
4.2 shows that net profits over the 200-year simulation period are substantially higher for all
anticipation scenarios compared with when the effects of additional intraseasonal drawdown are
neglected. Net profits for the 100 % anticipation run, which are the highest of all the levels of
anticipation analysed, are 28.1 % larger than those obtained when no intraseasonal drawdown is
anticipated when calculating farmers’ optimal pre-season irrigation decision making.
Table 4.2: Net profits ($) over a 200-year simulation run for different levels of intraseasonal
drawdown anticipation
Simulation Net profit ($)
No anticipation 1,452,977
20 % anticipation 1,720,077
40 % anticipation 1,816,968
60 % anticipation 1,858,773
80 % anticipation 1,836,773
100 % anticipation 1,861,339
The analysis presented in this section has shown that anticipation of intraseasonal drawdown,
and resultant effects on groundwater pumping costs and well yields, is an important factor that
should be considered in addition to interannual changes in aquifer conditions when estimating
farmers’ pre-season irrigation decisions. Given the findings discussed above, it is assumed in
subsequent analyses presented in this chapter that the farmer anticipates intraseasonal drawdown
equal to 100 % of the average maximum intraseasonal drawdown that has occurred in previous
years of the simulation (Equation 4.11). However, it is important to note that the approach used
in this section is just one possible way in which farmers’ behavioural response to future changes
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in groundwater levels and well yields can be characterised. In particular, two key aspects of
non-cooperative farmer behaviour warrant further discussion here, namely the representation of
farmers expectations about future drawdown and the level of myopia in their long-term planning.
In the presence of imperfect information about future pumping-induced drawdown, it is rea-
sonable to propose that a farmer would update their expectations based on past experiences
(Ostrom et al., 1994; Berger, 2001; Ng et al., 2011; Schreinemachers and Berger, 2011). How-
ever, in practice, the specific heuristics that a farmer uses to determine expectations of future
intraseasonal reductions in water levels and well yields may differ from the rules that are pro-
posed here. For example, a farmer may only have memory of the drawdown that occurred
during a limited number of previous years or may place greater weight on the drawdown that
was observed in more recent years (Madani and Dinar, 2012a). Alternatively, farmers could up-
date their expectations of intraseasonal drawdown based on a combination of past observations
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Figure 4.11: Profit (1000 $) in each simulation year, for different levels of intraseasonal drawdown
anticipation equal to: (a) 0 %; (b) 20 %; (c) 40 %; (d) 60 %; (e) 80 %; and (f) 100 % of the
average maximum intraseasonal drawdown during previous simulation years.
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Figure 4.12: Trajectory of actual: (a) total dynamic head (m); and (b) well yield (m3 day-1) on
a daily time-step during the 200-year integrated simulation period. Trajectories are plotted for
the lower and upper bounds of potential intraseasonal drawdown anticipation, equal to 0 % and
100 % of the average maximum intraseasonal drawdown during previous simulation years.
and the errors in their previous forecasts, for example as described by adaptive expectations
or bayesian inference approaches (Ng et al., 2011). The extent to which different specifications
of farmers’ learning will affect predicted decision making depends, in part, on the interannual
variability in intraseasonal drawdown. Figure 4.12 shows that modelled intraseasonal drawdown
is almost constant from year to year, and, as a result, decision making is likely to be relatively
insensitive to the specification of learning as there will be high certainty about future drawdown.
However, differences in the rules used to calculate farmers’ anticipation of intraseasonal draw-
down may have greater effects on model predictions when considering additional factors that
have less predictable impacts on borehole water levels. For example, water level drawdown may
be affected by externalities generated by pumping at neighbouring wells (Brozović et al., 2010).
A farmer is unlikely to have perfect information about the level of pumping that will occur at
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other wells or the exact magnitude of water level change this pumping will induce in their own
well. Consequently, where the decision making of other farmers fluctuates from year to year
or where the hydrological system responds non-linearly to distributed pumping, predictions of
farmers irrigation decisions may be sensitive to the approach that is chosen to represent how
farmers respond to and learn from past experiences.
While the model developed in this chapter considers learning about intraseasonal drawdown,
it is assumed that the farmer behaves myopically with a planning horizon that spans only a
single year. Myopic behaviour results in continued depletion of the aquifer over time, consistent
with the tragedy of the commons theory proposed by Hardin (1968). However, in practice, this
outcome may be mitigated by considering farmers’ ability to behave non-myopically through the
development of long-term plans that consider both current and future benefits from groundwater
extraction. A number of studies of common-pool groundwater use have shown that farmers
who behave non-myopically may obtain larger welfare gains, both as individuals and socially,
by conserving groundwater in the near-term in order to extend the long-term usable lifetime
of an aquifer for irrigated production (Madani and Dinar, 2012a; Suter et al., 2012; Guilfoos
et al., 2013). The benefits of groundwater exploitation that are predicted in this analysis (Table
4.2) therefore may be increased by considering farmers’ ability to develop non-myopic strategies
in coordination with anticipation of intraseasonal water level and well yield changes. Welfare
gains from non-myopic planning are likely to be greatest in scenarios where recharge rates are
sufficiently large to sustain well yields at levels that support long-term irrigated production, and
for smaller discount rates and longer planning horizons that equate to greater valuation of future
production capacity. Furthermore, gains from behaving non-myopically also may be affected by
the interactions with other farmers extracting groundwater from the common-pool resource. It
has been demonstrated that a farmer is more likely to conserve groundwater for future use when
the resource is a private resource, such as when transmissivity and well density are small resulting
in an higher ratio of future private to social costs of pumping (Brozović et al., 2010; Suter et al.,
2012; Guilfoos et al., 2013). Where groundwater is a less exclusive resource, theoretical research
suggests that non-myopic behaviour may incentivise strategic over-extraction to avoid future
capture of common-pool groundwater by neighbouring farmers (Negri, 1989; Provencher and
Burt, 1993; Rubio and Casino, 2003; Saak and Peterson, 2007). However, empirical evidence for
the occurrence of strategic over-extraction of groundwater is mixed (Savage and Brozović, 2011;
Pfeiffer and Lin, 2012; Huang et al., 2013), and, therefore, further investigation is required before
this behaviour can be incorporated realistically in to models of farmer decision making.
The above discussion has highlighted the value of modelling farmers’ anticipation of intrasea-
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sonal drawdown, but has also demonstrated a number of areas for future model improvement.
Future work could seek to analyse additional aspects of non-cooperative farmer behaviour such
as different learning heuristics or non-myopic planning. Furthermore, if future work extends
the modelling framework developed in this chapter to consider multiple farmers, it may also be
valuable to analyse the effects of cooperative behaviour and management. A number of studies
have suggested that cooperative management strategies, which assume resource use decisions
are made based on group rationality rather than individual rationality, can support effectively
sustainable management of common-pool resources such as groundwater (Ostrom, 1990; Ostrom
et al., 1994; Castillo and Saysel, 2005; Madani and Dinar, 2012b; Janssen, 2015). Cooperative
behaviour therefore may need to be considered when evaluating options for managing agricul-
tural groundwater use, although it is acknowledged that implementation of cooperative man-
agement strategies may be challenging in practice compared with encouraging more sustainable
non-cooperative behaviour (Madani and Dinar, 2012b).
4.3.3 Simulation set three: Recharge rate
In Sections 4.3.1 and 4.3.2 the modelled changes in groundwater conditions and irrigated pro-
duction have assumed that no recharge flows in to the aquifer and, therefore, that depletion will
continue until irrigated production ceases completely. In reality, with the exception of some fossil
aquifers, most aquifers are fully or partially replenished each year by infiltration of water from
precipitation and irrigation return flows. Figure 4.13 shows the estimated values of anticipated
total dynamic head and well yield at the start of the growing season in each simulation year
for recharge rates of 0, 10, 30, and 50 mm yr-1 that equate to volumetric inflows of 0, 40,000,
120,000, and 200,000 m3 yr-1, respectively, over the 4 km2 modelled domain. Increasing recharge
slows the rate of aquifer depletion and, consequently, total dynamic head/well yield stabilise at
lower/higher values than occurs when no recharge inflows are specified. For example, a recharge
rate of 50 mm yr-1 results in anticipated total dynamic head plateauing at 62 m compared with
69 m when no recharge occurs. Significantly, due to the shape of the head-capacity curve, this 7
m change results in a difference in anticipated well yield of close to 3000 m3 day-1.
Increasing recharge rates help the farmer to limit long-term changes in irrigated agricultural
production. Figure 4.14 demonstrates that both the soil moisture target and irrigated area are
maintained at higher levels with increasing recharge rates that limit reductions in well yields
and increases in pumping costs. In each case the farmer adjusts irrigation decision making on
both the intensive and extensive margins in response to predicted aquifer depletion, until annual
volumetric irrigation use reaches an approximate equilibrium with recharge inflows to the aquifer
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Figure 4.13: Trajectory of anticipated: (a) total dynamic head (m); and (b) well yield (m3 day-1)
at the time of planting in each year of integrated simulation period. Trajectories are plotted for
different average annual recharge rates, ranging from 0 mm yr-1 to 50 mm yr-1.
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Figure 4.14: Optimal: (a) soil moisture target (%); and (b) irrigated area (ha) in each simulation
year. Optimal decisions are plotted for different average annual recharge rates, ranging from 0
mm yr-1 to 50 mm yr-1.
(Figure 4.15). As would be expected, the ability to maintain a larger area of irrigated production
over the 200-year simulation period also results in higher profits as recharge rates are increased
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(Figure 4.16). Indeed, total net profits for recharge rates of 10, 30, and 50 mm yr-1 are equal to
148 %, 235 %, and 320 %, respectively, of net profits that are obtained from mining of a fossil
groundwater resource.
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Figure 4.15: Annual volumetric groundwater pumping for irrigation (1000 m3 yr-1) in each
simulation year under different average annual recharge rates equal to: (a) 0 mm yr-1; (b) 10 mm
yr-1; (c) 30 mm yr-1; (d) 50 mm yr-1. In each subplot, the red dashed line denotes the annual
volumetric rate of recharge into the aquifer.
It is clear from the results presented above that recharge has a large influence on the long-term
sustainability of groundwater-fed irrigated agriculture. While the results are for a hypothetical
case study and are not intended to represent any specific geographic area, this finding is consistent
with observed changes in aquifer conditions and irrigated agricultural production in regions of
intensive groundwater-fed irrigation. For example, in the High Plains aquifer in the United
States, the greatest reductions in water tables and irrigated production areas have been observed
in the southern portion of the aquifer where long-term average recharge rates are of the order
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of only a few millimetres per year, whereas irrigated production has been much less impacted
in the northern region where recharge rates are more substantial (Scanlon et al., 2012). It is
assumed in this analysis that recharge is constant over space and time, and that all recharge
within the model domain may contribute eventually to future irrigation pumping. Recharge will,
in reality, differ spatially and temporally due to variability in precipitation, soil type, and the
effects of irrigation efficiency on return flows. In turn, the effect of recharge on aquifer water
levels and well yields will be influenced by the pattern and rates of groundwater pumping by
multiple abstractors, the physical characteristics of the groundwater system, and the effect of
changes in groundwater levels on discharge to surface water systems (Zhou, 2009). These factors
will affect the long-term evolution of the coupled agricultural groundwater system, and highlight
that the effect of recharge on the sustainability of groundwater pumping for irrigation will be
more complex than the simple case presented in this section. Future model development to
incorporate multiple abstraction wells and a representation of the regional hydrological system
could enable more detailed analysis of the trade-offs between variable recharge, groundwater
pumping for irrigation, and natural discharge to streams, and is discussed further in Chapter 5.
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Figure 4.16: Cumulative profits (100,000 $) over a 200-year simulation period for different average
annual recharge rates equal to 0 mm yr-1, 10 mm yr-1, 30 mm yr-1, and 50 mm yr-1.
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4.3.4 Simulation set four: Abstraction regulation
The fourth and final set of model test simulations examines the impact on agricultural produc-
tion and aquifer storage trends of restricting average annual volumetric groundwater pumping.
Figure 4.17 shows the modelled trajectories of total dynamic head and well yield for scenarios
of unrestricted abstraction, and abstraction limits of 280,000, 240,000, 200,000, 160,000, and
120,000 m3 yr-1, the latter of which is equal to average annual recharge to the aquifer. Tra-
jectories are plotted for different initial levels of aquifer depletion, where the initial saturated
thickness is uniformly equal to: (a) 65 m; (b) 55 m; or (c) 45 m. Figure 4.17 demonstrates
clearly that introduction of regulatory abstraction limits may have large impacts on the rate of
water level and well yield decline over the simulation period. Reduction in rates of decline are
greatest when initial aquifer depletion is minimal (e.g., Figures 4.17a and 4.17d) and for smaller
abstraction quotas that are closest to natural rates of replenishment through recharge (e.g., <
160,000 m3 yr-1). Contrastingly, less restrictive abstraction regulations (e.g., > 200,000 m3 yr-1),
in particular if implemented after substantial initial depletion has occurred (Figure 4.17c and
4.17f), have more limited effects on long-term changes in well yield and total dynamic head. This
is because initial depletion has already begun to constrain well yields and, therefore, only highly
restrictive regulations are sufficient to prevent further reductions in well yield that occur at an
increasingly non-linear rate due to the characteristic shape of the pump head-capacity curve.
Building on the static analysis presented in Chapter 3, Figure 4.18 shows that the effect of
total dynamic head and well yield trajectories on agricultural production practices is complex,
and depends on the dynamic interacting impacts of abstraction limits, total dynamic head, and
well yield on optimal irrigation decision making. Figure 4.17 demonstrates that an abstraction
limit of 120,000 m3 yr-1 is most effective at limiting long-term aquifer depletion and reductions
in well yields. However, this restrictive limit also has significant negative impacts on agricultural
production potential (Figure 4.18). An abstraction quota of 120,000 m3 yr-1 forces the farmer to
reduce substantially both the optimal soil moisture target and irrigated area in order to ensure
sufficient per-area irrigation water supply to avoid negative impacts on crop yields. Indeed,
for all levels of initial aquifer depletion, irrigated area for an abstraction limit of 120,000 m3
yr-1 remains below, or only marginally above, levels achieved under unlimited abstraction for
the entire 200-year simulation period. Contrastingly, Figure 4.18 shows that less restrictive
abstraction limits (e.g., > 160,000 m3 yr-1) also lead to reductions in irrigated area in early years
of the simulation, but in later decades the slower rate of well yield decline ensures that irrigated
area remains noticeably higher than for the scenario of unrestricted abstraction. As would be
expected, this effect is most pronounced for smaller levels of initial depletion (Figure 4.18a-b)
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Figure 4.17: Trajectory of anticipated: (a-c) total dynamic head (m); and (d-f) well yield (m3
day-1) at the time of planting in each simulation year for model runs conducted for initial satu-
rated thickness equal to 65 m (top panels), 55 m (middle panels), and 45 m (bottom panels). In
each subplot, total dynamic head or well yield is plotted for different regulatory abstraction lim-
its equal to unrestricted abstraction, 280,000 m3 yr-1, 240,000 m3 yr-1, 200,000 m3 yr-1, 160,000
m3 yr-1, and 120,000 m3 yr-1.
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Figure 4.18: Optimal: (a-c) soil moisture target (%); and (d-f) irrigated area (ha) in each
simulation year for model runs conducted for initial saturated thickness equal to 65 m (top
panels), 55 m (middle panels), and 45 m (bottom panels). In each subplot, optimal soil moisture
target or irrigated area is plotted for different regulatory abstraction limits equal to unrestricted
abstraction, 280,000 m3 yr-1, 240,000 m3 yr-1, 200,000 m3 yr-1, 160,000 m3 yr-1, and 120,000 m3
yr-1.
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where, as shown in Figure 4.17, there is still sufficient potential to use water use restrictions to
maintain well yields at high rates for a large proportion of the total 200-year simulation period.
Use of abstraction regulations to modify the rate of change in aquifer conditions and agricul-
tural production has differing impacts on farmer welfare, depending on both the timing of quota
implementation and the farmer’s discount rate defining their cash flow time preferences. Figure
4.19 illustrates that, for low discount rates (e.g., < 1.5 %) that are characteristic of strong valu-
ation of inter-generational equity, the introduction of abstraction limits of greater than 160,000
m3 yr-1 may create welfare gains. Net present value for an abstraction limit of 200,000 m3 yr-1
and discount rate of 0 % may be as much as $ 677,000 (15.5 %) greater than if abstraction is
unregulated. This increase in welfare in response to regulated abstraction can be explained by
the effects that abstraction quotas have on the rate of change in well yield over time. Restricting
abstraction leads to slower rates of well yield decline over the 200-year simulation period and,
as a result, total crop production may be increased relative to when no regulations are imposed
(Table 4.3). Furthermore, total production costs are lower when abstraction is restricted because
of the reduced volume of irrigation that is pumped, combined with the fact larger well pumping
capacities reduce the labour and repair costs associated with applying each unit of irrigation
(Equation 3.3). Nevertheless, as discount rates are increased, the welfare gains from abstraction
are reduced as the farmer increasingly values near-term cash flows and, therefore, places less
emphasis on maintaining the future capacity for irrigated agricultural production. Furthermore,
the magnitude of both welfare gains and losses is reduced as the level of initial depletion is
increased, reflecting the fact that prior aquifer depletion will constrain the ability to postpone
reductions in well yields in order to boost agricultural production in later years.
Table 4.3: Total crop production (tonnes) over a 200-year simulation run for different ground-
water abstraction limits (m3 yr-1) and initial saturated thickness equal to 45 m, 55 m, and 65 m
for a total aquifer thickness of 70 m.
Abstraction limit (m3 yr-1) 45m 55m 65m
Unrestricted 62,412 73,903 86,389
280,000 62,505 75,063 89,096
240,000 62,496 76,305 90,632
200,000 62,794 77,198 90,163
160,000 63,605 74,087 74,824
120,000 56,798 58,006 58,172
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Figure 4.19: Change in the present value (100,000 $) of irrigated production during the 200-year
simulation period, relative to a scenario of unrestricted abstraction, for model runs conducted
for initial saturated thickness equal to 65 m (a), 55 m (b), and 45 m (c). In each subplot, results
are plotted for different regulatory abstraction limits equal to unrestricted abstraction, 280,000
m3 yr-1, 240,000 m3 yr-1, 200,000 m3 yr-1, 160,000 m3 yr-1, and 120,000 m3 yr-1.
The results presented in this section demonstrate that abstraction quotas are an effective
means of limiting inter-temporal reductions in aquifer water levels and well yields. As hypothe-
sised in previous chapters, controlling the trajectory of well yield decline is shown to have positive
impacts on both long-term crop production and farmers’ profits. Importantly, this finding high-
lights that the ability of abstraction quotas to limit long-term changes in well yields, and the
resultant feedbacks with farmer irrigation decision making, may be a significant economic benefit
that has not been considered in previous analyses of quota-based management of agricultural
groundwater use (Bulatewicz et al., 2010; Blanco-Gutiérrez et al., 2011; Varela-Ortega et al.,
2011; Madani and Dinar, 2013; Mulligan et al., 2014). However, the magnitude of any addi-
tional gains from managing well yields will be highly dependent on farmers’ willingness to accept
reductions in current income in exchange for long-run future gains. Indeed, the results of the
200-year simulations presented in this section demonstrate that welfare gains from abstraction
quotas are conditional small discount rates that equate to a greater valuation of future irrigated
production capacity.
It is important to discuss how the estimated losses and gains from abstraction quotas that are
reported in this section may be influenced by aspects of the developed modelling framework. As
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noted in Section 2.4.6, the assumption that the farmer selects a constant soil moisture target in
the pre-season economic model may lead to overestimates of total seasonal water requirements
and of the consequent reductions in irrigated area in response to seasonal/annual abstraction
quotas. Use of time-varying soil moisture targets may enable the farmer to achieve moderate
reductions total seasonal irrigation pumping without substantial reductions in crop yields and
profits by prioritising the allocation to limited seasonal groundwater supply to the most drought
sensitive crop growth stages (Fereres and Soriano, 2007; Geerts et al., 2009). The ability to adopt
time-varying deficit irrigation strategies therefore may reduce the impact of abstraction quotas
on irrigated production areas and cash flows in early simulation years, and, as a result, increase
the net present value of quota-based policies relative to a policy of unrestricted abstraction.
It is assumed currently that no temporal changes in crop varieties or technology occur, and
that climate and economic parameters are constant over the simulation period. In reality, non-
stationarity in some or all of these factors will affect the long-term dynamic co-evolution of
the coupled agricultural groundwater system. Farmers may be able to invest in more powerful
pumps in response to declining well yields. This technological adaptation would mean that, in
the absence of any regulations or incentives, water levels would not stabilise (e.g., as is observed
in Figure 4.17) and therefore the value of imposing quotas would likely be further increased.
Future improvements in crop water productivity or drought tolerance may also enhance the
benefits that are attained from restricting irrigation pumping in order to prolong the lifetime
over which irrigated production is viable (Steward et al., 2013). However, future gains from
improved crop varieties will also depend on the uncertain impacts of concurrent changes in crop
water requirements due to climate change (Konzmann et al., 2013; Wada et al., 2013; Elliott
et al., 2014), and the variability in crop and input prices that would affect the economic value
of any additional future production outputs (Finger, 2012).
Estimated effects of abstraction quotas are also likely to be influenced by heterogeneity in
farmer behavioural characteristics that have not been analysed in this thesis. Madani and Dinar
(2013) find that the benefits generated by quota-based policies are largest for myopic farmers,
whereas welfare gains for non-myopic farmers may be lower as these farmers already consider
the future impacts of current groundwater use as part of their individual long-term planning.
Furthermore, quotas that are applied uniformly may have impacts on both the spatial and
temporal distribution of farmer income. Differential impacts may arise due to spatial variability
in physical production conditions, for example soil type will affect irrigation requirements and
therefore yield potential for a given quota (Blanco-Gutiérrez et al., 2011), or due to other factors,
such as farm size (Saak and Peterson, 2012; Madani and Dinar, 2013). Importantly, analysis of
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the impacts of quota-based policies therefore should consider how benefits and costs may be
distributed amongst individual producers and how this may affect the overall acceptability of
the policy in practice.
Of course, water abstraction quotas are only one possible policy instrument that can be used
to manage agricultural groundwater use. In areas where water rights are well defined, regulators
can also offer compensation to farmers to retire a proportion of their current abstraction alloca-
tion. Water rights buy-out schemes are likely to be seen as more acceptable and equitable by
farmers than standard water use quotas as they have lower impact on profits (Bulatewicz et al.,
2010; Varela-Ortega et al., 2011; Golden and Johnson, 2013). However, incentive payments do
not reduce the overall economic burden of water use reductions as any reductions in income
are simply transferred from individual farmers to government and taxpayers. Furthermore, an
additional limitation of any policy that restricts volumetric groundwater use directly is the high
costs associated with monitoring and enforcement of pumping by large populations of individual
farmers (Koundouri, 2004; Kemper, 2007). To address this limitation, it has been suggested
that quota-based policies could be developed that are based on electricity rather than water
use. Zekri (2009) demonstrates through a case study in Oman that electricity quotas, enforced
using modern low-cost energy meters, are potentially effective mechanisms for limiting farmers
groundwater use and avoiding damaging long-term economic impacts of groundwater depletion,
such as agricultural production losses and irreversible aquifer salinisation.
A commonly suggested alternative to quota-based policies is to incentivise farmers to use
groundwater more efficiently by increasing the cost of pumping through taxation or pricing of
electricity or groundwater. Tax-based policies are attractive in terms of their potential ability
to improve the economic efficiency of water use (Rogers et al., 2002; Molle and Berkoff, 2007).
However, consistent with the previous discussion in Chapter 3, existing research typically has
found that taxation and pricing are unable to achieve significant reductions in water use without
imposing large reductions in farm profitability (de Fraiture and Perry, 2007; Zekri, 2008; Das
et al., 2010; Blanco-Gutiérrez et al., 2011; Madani and Dinar, 2013; Mulligan et al., 2014).
Poor or less adaptable farmers, in particular, are likely to be disproportionally affected by the
increased water costs unless mechanisms are included to either redistribute tax revenues or impose
taxes heterogeneously. In practice, given the costs that would be involved in implementing
heterogeneous policies, it has been suggested that tax-based mechanisms therefore are unlikely
to offer significant advantages over quota-based policies in terms of their ability to reduce the
use of scarce water resources (Wichelns, 1999; Molle et al., 2008).
In addition to quota-based and tax-based policies, there has been extensive research that
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has studied a wide range of other policy solutions to irrigation-induced aquifer depletion. Mar-
ket and trading systems have been discussed as potential options to increase economic returns
from groundwater use in comparison with standard quota-based management (Koundouri, 2004;
Thompson et al., 2009). Alternatively, status-based management, where allowable groundwater
pumping is determined by the regulator as a function of observed groundwater levels, has been
suggested as a flexible management option for limiting negative impacts of aquifer depletion.
Madani and Dinar (2013) find that adaptive management based on observed groundwater levels
is effective at controlling groundwater pumping for irrigation and can also improve long-term
welfare, in particular for those farmers who behave myopically. While one could imagine a pol-
icy that links adaptive quotas or financial penalties to observed changes in well yields, it may
be challenging to implement this policy in practice due to high monitoring costs and the fact
that groundwater conditions are affected by external and stochastic factors that are outside of a
farmer’s direct control (Koundouri, 2004).
This discussion has highlighted that the results presented in this section provide a unique con-
tribution to the literature, demonstrating how the value of quota-based abstraction management
may be enhanced when considering the long-term impacts of quotas on well yields and farmers’
individual irrigation decisions. Nevertheless, a number of areas for future model improvement
have been highlighted that should be addressed in order to quantify more reliably the potential
gains and losses from implementing water use quotas. The discussion has also shown that water
use quotas are only one of many potential management strategies that could used by a regu-
lator. Further investigation therefore is required to compare the welfare impacts of alternative
management strategies, focusing specifically on their ability to affect long-term changes in well
yields.
4.4 Conclusions
In this chapter, a new integrated modelling framework has been proposed for analysis of long-term
change and policy effectiveness in coupled agricultural groundwater systems. The framework
integrates the distributed model of farmers’ field-level irrigation decision making that is devel-
oped in Chapters 2 and 3, with a spatially-distributed groundwater flow model describing local-
and regional-scale aquifer responses to spatially-explicit groundwater pumping for irrigation. A
number of recent hydro-economic studies have also linked spatially-distributed models of farmer
decision making and aquifer dynamics (e.g., Bulatewicz et al. (2010); Mulligan et al. (2014)).
However, the integrated framework developed in this chapter is novel as it is capable of simu-
lating dynamic changes in both aquifer water levels and well yields through the specification of
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a pump head-capacity curve for each individual groundwater supply borehole. Furthermore, the
proposed model also has the capability to evaluate explicitly the biophysical and socio-economic
feedbacks between water levels, well yields, and farmers’ individual irrigation decision making,
which have been neglected in previous distributed and centralised hydro-economic analyses of
coupled agricultural groundwater systems.
Application of the integrated model to a range of hypothetical test simulations has highlighted
the advantages of the proposed modelling framework when seeking to evaluate the management
of coupled agricultural groundwater systems. By modelling changes in borehole water levels
and well yields at intraseasonal and interannual timescales, more realistic estimates of long-term
changes in farmer irrigation behaviour and the sustainability of irrigated agriculture are obtained.
The results demonstrate that maintenance of sufficient well pumping capacity throughout the
growing season is needed to enable adaptation to weather variability and to avoid large negative
impacts on crop yields and profits. The threshold level of aquifer depletion at which irrigated
production is negatively impacted is shown to be dependent on pump choice, suggesting that
pump type and/or well construction may be an additional factor that will influence spatially
heterogeneous impacts of aquifer depletion on agricultural producers. Finally, the findings from
the model analyses also suggest that abstraction quotas that slow the rate of well yield decline
over time may provide a possible mechanism for prolonging the usable lifetime of an aquifer and
increasing net production outputs. However, the degree to which abstraction regulations have a
positive economic impact is shown to be dependent on the valuation of inter-generational equity
by farmers’ and wider society.
The findings presented in this chapter demonstrate clearly the contributions of the developed
modelling framework in comparison with existing hydro-economic models that do not consider
the importance of well yield as a determinant of the long-term trajectory and sustainability
of agricultural groundwater systems. Nevertheless, there is still scope to improve both the
groundwater and irrigation decision making components of the integrated modelling framework.
Limitations of the model of irrigation decision making developed in this thesis, including the
assumption of a single crop choice and constant soil moisture target, have been discussed in
Section 2.4.6. Furthermore, it has been noted in this chapter that further model development is
required to enable consideration of multiple abstraction boreholes and regional groundwater flow
processes. Recommendations for how future work could address these limitations, along with
suggestions for future applications of the integrated modelling framework, are discussed in detail
in Chapter 5.
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Chapter 5
Summary and conclusions
Ongoing aquifer depletion raises important questions about the long-term sustainability of irri-
gated agriculture, and how competing demands for limited groundwater resources can be best
managed. Hydro-economic modelling can be used to understand the linkages between agricul-
tural water requirements and aquifer sustainability, and to evaluate the effectiveness of different
policy options. However, it has been argued in this thesis that the ability of existing modelling
frameworks to inform management of integrated groundwater systems may be limited by the fail-
ure to consider adequately a number of important variables that underlie field-level groundwater
use practices and the dynamic, localised aquifer response to those decisions. This thesis has
addressed these limitations through the development of an improved framework for integrated
hydro-economic modelling of agricultural groundwater systems. Specifically, the developed model
extends the scope of existing research through:
• Development of a distributed model of farmers’ individual irrigation decision making that
captures the parameters controlling field-level groundwater use that have been previously
omitted in hydro-economic analysis (Objective 1), and comparison of estimates of optimal
irrigation behaviour with those predicted by existing models of irrigation water demand
(Objective 2).
• Empirical and numerical analysis of the relative impacts of groundwater depth and well
yield on agricultural production (Objective 3).
• Spatially-explicit integration of the model of farmers’ individual irrigation decision making
model with a distributed multi-scale groundwater flow model (Objective 4), and application
to investigate factors influencing the dynamic co-evolution of groundwater and agricultural
production over time (Objective 5).
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In this chapter, a summary is provided of how each of the above points have been addressed in
the previous chapters, and of the contributions to knowledge that have been made. Subsequently,
recommendations for future work are provided and concluding remarks made about the research.
5.1 Summary of thesis
5.1.1 Modelling farmer irrigation decision making
At the beginning of Chapter 2, a detailed literature review illustrated a number of important
limitations of existing methods used to predict agricultural water demand in hydro-economic
analysis. In particular, it was highlighted that irrigation decisions commonly are estimated
based on the seasonal relationship between the total applied irrigation and crop yield (Young,
2005), with inadequate attention to the importance of intraseasonal irrigation scheduling rules
or the constraints on instantaneous irrigation rates imposed by well yields. It was shown that
existing models of agricultural groundwater use often therefore are conditioned on assumptions
about irrigation scheduling, such as perfect foresight of weather conditions and unrestricted
instantaneous groundwater pumping capacity (e.g., Cai (2008); Schütze and Schmitz (2010)),
that do not match the heuristics and constraints underlying farmers’ actual irrigation planning.
In Section 2.2 (Foster et al., 2014), a new distributed model of farmers’ individual field-level
land and groundwater-fed irrigation decision making was proposed that addresses the identified
limitations of existing methodologies. First, a novel stochastic intraseasonal formulation of the
crop-water production function was generated using a recoded version of the biophysical crop
simulation model AquaCrop (Steduto et al., 2009) (Appendix A). The stochastic intraseasonal
crop-water production function represents explicitly a farmer’s intraseasonal irrigation strategy
in terms of the choice of a soil moisture target, and also accounts for the impacts on crop produc-
tion of both interannual weather variability and instantaneous irrigation rate constraints. Using
this crop-water production function, a methodology was presented to predict the economically-
optimal land and irrigation use choices of an individual farmer. Importantly, this model of
decision making captures the fact that a farmer must fix irrigated area pre-season, and consid-
ers realistically the effects on irrigation behaviour of both groundwater supply constraints and
uncertainty about expected weather conditions.
Application of the model to a case study analysis of centre-pivot irrigated corn production
in the Texas High Plains region of the United States has shown that well yield has a large
impact on optimal irrigation behaviour and profitability. Lower well yields were found to result
in smaller irrigated production areas and expected profits, due to the negative effects of limited
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instantaneous irrigation capacity on per-area crop yields. Notably, it was demonstrated that
this important behavioural response could not be captured by existing models of agricultural
water demand that do not adequately account for the effect of limited pumping capacity on
intraseasonal irrigation scheduling and crop yield. Therefore, it was concluded that the model
developed in Chapter 2 provides an improved tool for estimation of the field-level impacts of
changing groundwater availability on irrigated agricultural production.
5.1.2 Feedbacks in agricultural groundwater systems
Evaluation of the co-evolution of coupled agricultural groundwater systems requires understand-
ing of the feedbacks that occur between production decisions made by individual farmers and
changes in the underlying aquifer system. Typically, it has been assumed in hydro-economic
research that the changes in the energy cost of pumping is the primary economic effect of vari-
ations in groundwater levels and storage (Koundouri, 2004). However, the literature review in
Chapter 3 has highlighted that extensive evidence indicates that the price elasticity of irriga-
tion water demand is, in fact, relatively inelastic and, therefore, unlikely to respond strongly to
changes in the costs of groundwater extraction (e.g., Scheierling et al. (2006); Schoengold et al.
(2006); Hendricks and Peterson (2012); Pfeiffer and Lin (2014)). Contrastingly, the findings
presented in Chapter 2 (Foster et al., 2014), along with other existing anecdotal and empirical
research (e.g., Peterson and Ding (2005); Lamm et al. (2007); Wines (2013)), have suggested
that changes in well yields may be a more significant determinant of the impacts of groundwater
storage variations on agricultural production.
In Chapter 3, empirical analysis of field-level observation data in the Republican River Basin
in Nebraska, United States, was conducted to assess the relative impacts of well yield and ground-
water depth on irrigation water demand. The results demonstrated that farmers’ with lower well
pumping capacity choose smaller irrigated production areas, but that increasing groundwater
pumping lifts are not observed to have significant impacts on irrigation decision making. Nu-
merical simulations for case studies in the same region subsequently were conducted to analyse
these differences further, using a version of the model developed in Chapter 2 that was adapted
to consider the effects of groundwater depth and well yield on the costs of groundwater extraction
for irrigation at the field-level. Outputs from these numerical simulations supported the empir-
ical findings, showing that low well yields biophysically limited the profitable size of irrigated
production whereas the economic impacts of increasing pumping costs were found to have only
limited effects on optimal irrigation behaviour.
The results presented in Chapter 3 have important implications for policy debates about the
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management of groundwater resources, and for understanding of how integrated modelling can
be used to guide management decisions. It is suggested, contrary to current assumptions made in
previous hydro-economic analysis, that consideration of changes in both pumping costs and well
yields is required to predict reliably future system trajectories and the effectiveness of alternate
groundwater management strategies. Moreover, it is argued that policies that aim to manage the
non-linear impacts of aquifer depletion on well yields may have significant long-term value for
both agricultural producers and wider society that has not been considered in previous research.
5.1.3 Integrated simulation of groundwater-fed irrigation
Representation of groundwater dynamics is an important component of hydro-economic analysis
of coupled agricultural groundwater systems. In Chapter 4 the different models that may be used
to characterise aquifer dynamics, ranging from simple single-cell bathtub models (e.g., Gisser and
Sanchez (1980); Koundouri (2004)) to complex spatially distributed models (e.g., Jackson and
Spink (2004); Mehl and Hill (2005)), were discussed. It was suggested that spatially-distributed
models, which capture finer scale variations in groundwater conditions, may be the most effective
tools for analysing changes in field-level groundwater-fed irrigation practices. However, the
coarse spatial and temporal resolution at which spatially-distributed models typically are applied
(Harou et al., 2009) was identified as a key factor limiting the ability of such models to predict
accurately borehole water levels, and hence groundwater pumping costs and well yields. A range
of multi-scale numerical approaches to refine groundwater model predictions in the vicinity of
abstraction boreholes subsequently were reviewed. Hybrid radial-cartesian modelling frameworks
were identified as a promising solution due to their ability to represent both local- and regional-
scale groundwater flow processes in a computationally efficient manner (Upton et al., 2013).
In Section 4.2, the distributed model of farmers’ individual field-level irrigation decision
making developed in previous chapters was coupled in Matlab with a spatially-distributed hybrid
radial-cartesian groundwater flow model, SPIDERR (Upton et al., 2013). This integrated model
is the first example of the use of a multi-scale groundwater flow model as part of a hydro-
economic analysis, and enables changes in borehole water levels to be simulated more accurately
than traditional methods used to characterise aquifer dynamics. In addition, the integrated
model also has the capability to estimate the dynamic effects of water level changes on well
yields through the specification of a pump head-capacity curve for each borehole. The developed
integrated model therefore provides a unique tool to evaluate the bi-directional interactions
between changes in aquifer water levels, well yields, and farmers’ individual local-level irrigation
decisions, and the effects that these feedbacks have on long-term agricultural productivity and
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aquifer sustainability at both micro and macro levels.
Application of the hydro-economic model to a range of hypothetical simulations in Section
4.3 has highlighted the model’s ability to capture the variables that underlie farmers’ decisions
about the use of groundwater for irrigation, and to predict accurately the dynamic response of
the hydrogeological system to those choices. Through these numerical simulations a number
of new insights have been generated about the behaviour of coupled agricultural groundwater
systems. Most significantly, it has been shown that:
• Estimates of the rate of aquifer depletion, and the impacts on agricultural production,
are sensitive to the specified head-capacity curve. Pump choice therefore may represent an
additional component of farmers’ adaptive irrigation planning that has yet to be considered
in policy evaluations.
• Prediction of changes in irrigation behaviour requires consideration of both intraseasonal
and interannual trends in groundwater storage. Anticipation of intraseasonal drawdown,
and its impacts on well yields, is an especially important component of farmers’ pre-season
irrigation decision making due to the negative biophysical impacts that intraseasonal pump
shutdowns may have on crop yields and profits.
• Regulatory restriction of the annual rate of groundwater extraction may increase long-term
net agricultural production by slowing the rate of well yield decline over time. Abstraction
quotas may also generate long-term welfare gains for farmers, depending on the farmers’
discount rate and the initial level of depletion that has occurred prior to regulation.
These findings have important implications for research on the economics of agricultural
groundwater management. Previous assessments have considered that the costs associated with
farmers’ current groundwater use are a function of the increased pumping costs in future years due
to lowering of groundwater tables (Koundouri, 2004; Brozović et al., 2010). However, the analysis
presented in this thesis has demonstrated that the economic costs of groundwater depletion may
be significantly higher when considering reductions in well yields that limit farmers’ future ability
to use groundwater resources effectively to manage production risks. This finding is consistent
with empirical evidence showing that irrigation water demand is price inelastic (Moore et al.,
1994; Scheierling et al., 2006; Schoengold et al., 2006; Hendricks and Peterson, 2012; Pfeiffer
and Lin, 2014), and suggests that existing research therefore is likely to have underestimated
the economic value of groundwater management policies designed to limit long-term aquifer
depletion. Moreover, although interactions between multiple users are not evaluated explicitly
in this thesis, it is likely that changes in well yields may also impose an additional non-linear
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externality from groundwater pumping. This externality has not been considered in previous
studies of common-pool groundwater management (e.g., Saak and Peterson (2007); Brozović
et al. (2010); Madani and Dinar (2012a, 2013); Guilfoos et al. (2013)). However, based on the
results presented in this thesis, it is suggested that increased social benefits may be obtained
from policies, such as well spacing requirements, that minimise negative external impacts on
farmers’ well yields in a common-pool setting.
5.2 Recommendations for further work
The integrated hydro-economic modelling framework developed in this thesis provides a novel
tool for meaningful policy analysis in coupled agricultural-groundwater systems. Nevertheless,
as has been highlighted in previous chapters, there are a number of aspects of the model that
could be refined and improved. Recommendations for further model development and analysis
are discussed in the subsections below.
5.2.1 Irrigation decision making model development
Temporal discretisation of soil moisture target
The specification of farmers’ intensive margin irrigation decision as the choice of a soil moisture
target provides a more realistic representation of farmers’ intraseasonal irrigation scheduling, in
comparison with existing hydro-economic analysis that assumes irrigation decisions are made in
terms of the total seasonal depth of applied irrigation. However, when seasonal irrigation water
supply is limited, the optimal soil moisture target may be non-constant during the growing season
because the response of crop yield to water deficits varies according to phenological growth stage
(Doorenbos and Kassam, 1979; Traore et al., 2000; Fereres and Soriano, 2007; Payero et al., 2009).
To improve the developed modelling framework, it is recommended that the pre-season intensive
margin irrigation decision is expanded to consider time-varying deficit irrigation scenarios. The
temporal discretisation of the soil moisture target should be restricted to a small number of key
growth stages that determine the majority of the temporal variability of crop yield response
to water deficits, in order to maintain the computational tractability of the pre-season model.
Furthermore, it is likely to be inefficient to consider all potential temporal combinations of soil
moisture targets and, therefore, the range of deficit irrigation strategies that are considered for
a given case study should be refined based on previous research (e.g., Heeren et al. (2011))
or using crop simulation models (e.g., Geerts et al. (2010)). As noted in Section 2.4.6, it is
anticipated that inclusion of deficit irrigation strategies as a component of farmers’ irrigation
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decision making may decrease the estimated sensitivity of irrigated agriculture to regulatory
groundwater abstraction restrictions. Further analysis should seek to determine the magnitude
of this effect, and the extent to which deficit irrigation may increase the long-term welfare and
production gains from regulation of groundwater abstraction and other policies. However, it is
important to note that deficit irrigation is unlikely to alter the negative impacts of low well yields
on irrigated agriculture. Specifically, deficit irrigation will not be a viable adaptation strategy
when well yields have already been reduced substantially due to the fact that irrigation capacity
will be insufficient to avoid significant water stress effects during sensitive crop growth stages
(Geerts and Raes, 2009).
Selection of crop mix
When water supply is limited, either by regulations or well yield, a farmer may seek to allocate
land and other resources between crop types or varieties that have different total and/or peak
water requirements. In this thesis, only one crop type (corn) has been analysed and it has been
assumed that any field area that is not irrigated generates no economic value. Further improve-
ments to the model of irrigation decision making are required to evaluate the effects of crop
selection on the profitability of groundwater-fed irrigation under limited water supply. Multi-
ple crop types could be considered by generating stochastic intraseasonal crop-water production
functions for each potential crop choice. The use of the AquaCrop model may be advantageous
here, as AquaCrop is capable of simulating a diverse range of crop types and requires calibration
of only a relatively small number of model parameters compared with other more complex bio-
physical crop simulation models (Steduto et al., 2009; Vanuytrecht et al., 2014). Subsequently,
production functions for each crop type could be incorporated in to the economic model of pre-
season irrigation decision making to determine optimal land allocation to different crop types
for an expected level of irrigation water supply. It has been hypothesised in this thesis that di-
versifying production, either fully or partially, to less water intensive or dryland agriculture may
increase farmers’ ability to adapt to water supply restrictions (Section 2.4.6). Examples exist in
the literature highlighting the potential importance of crop mix diversification as a response to
seasonal water supply restrictions (e.g., García-Vila and Fereres (2012)) and increasing aquifer
salinity (e.g., Grundmann et al. (2012)). However, the extent to which adjusting crop types can
buffer farmers’ significantly against the long-term economic effects of declining well yields has
yet to be explored adequately and further research would be valuable to quantify the potential
importance of this behavioural response.
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Impact of variable initial soil water content
The integrated model simulations conducted in Chapter 4 did not model changes in soil moisture
outside of periods of crop growth or the effect of variable initial soil water content on the trajec-
tory of irrigated production. As described in Section 4.2.3, continuous simulation of soil water
content is feasible using the existing model framework, but would impose large computational
demands due to the need to generate separate stochastic intraseasonal crop-water production
functions for each potential initial soil moisture level. Adaptation of the Matlab-AquaCrop
model code for parallel execution using the Matlab Parallel Computing Toolbox (Mathworks
Inc., 2013), therefore, could be beneficial to enable the rapid pre-generation of multiple sets of
stochastic intraseasonal crop-water production functions. Future analysis should seek to evaluate
how changes in optimal irrigation decision making as a function of variable initial soil moisture
levels (Section 2.4.3) influence the dynamic long-term trajectory of both irrigated production and
the groundwater system. For example, a recent study by McGuire (2014) has shown that 13.5 %
of total groundwater storage depletion since pre-development (circa 1950) in the Ogallala Aquifer
in the United States occurred between 2011 and 2013 as a result of increased pumping during
a sequence of drought events. Given the non-linear relationship between saturated thickness
and well yield, this suggests that multi-year droughts could rapidly push groundwater systems
beyond critical thresholds that negatively impact agricultural production. It would be interest-
ing, therefore, to use the model developed in this thesis to explore the impacts that extended
periods of drought, which depress soil moisture levels and may become more common as a result
of climate change (Strzepek et al., 2010; Dai, 2011; Intergovernmental Panel on Climate Change,
2012), have on demand for groundwater, the rate of aquifer depletion, and the subsequent ability
to manage groundwater resources sustainably.
Behavioural characteristics
The model developed in this thesis evaluates the land and groundwater use decision making of
an individual utility-maximising farmer. The farmer is assumed to behave non-cooperatively
and myopically, with irrigation decisions made annually and intraseasonally given expectations
about weather, groundwater levels, well yields, and soil moisture. However, it is important
to acknowledge that the decision making of real farmers may also have additional behavioural
characteristics that have yet to be considered in the proposed modelling framework. Farmers,
for example, may be motivated by non-economic objectives that differ from profit- or utility-
maximisation (Janssen and van Ittersum, 2007), or may behave non-myopically by formulating
long-term groundwater extraction plans (Madani and Dinar, 2012a; Suter et al., 2012; Guilfoos
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et al., 2013). Decision making may also be influenced by how farmers characterise and update
their expectations about uncertainty in factors influencing production, such as weather condi-
tions, or crop and input prices (Ng et al., 2011; Finger, 2012). Furthermore, it may be relevant to
consider how farmers are influenced by interactions with other farmers, and how the structure of
agent interactions and coordination influence macro-level system responses (Berger et al., 2007;
Ng et al., 2011; Madani and Dinar, 2012a). However, these examples are not an exhaustive list
of all the potential factors that may influence farmer decision making. A key question there-
fore is how to determine which additional behavioural characteristics are the most important
to incorporate for a given application of the proposed modelling framework. In this context,
future work might seek to use interviews, surveys and other empirical data collection techniques,
such as laboratory experiments and role-playing games, to deduce the most significant factors
influencing farmers’ individual decision making (Janssen and Ostrom, 2006; Suter et al., 2012).
Alternatively, where sufficient data about field-level production decisions and changes in ground-
water conditions exists, calibration techniques could be used to determine the model parameter
sets that best describe historically observed production decisions (Bulatewicz et al., 2010; Holtz
and Pahl-Wostl, 2012; Troost and Berger, 2014). However, given the complexities inherent in
describing the heterogeneity of distributed farmer behaviour and feedbacks with the hydrolog-
ical system, it is likely that no single model structure or parameter set will provide a perfect
representation of the real-world coupled system. Future efforts therefore should seek to assess
the effects of uncertainties in model representations of both individual farmer behaviour and the
hydrological system, and, in turn, quantify formally how these uncertainties affect the robustness
of predictions about future system trajectories and policy effectiveness.
5.2.2 Groundwater model development
Representation of regional groundwater system
The integrated hydro-economic model presented in this thesis is capable of simulating the dy-
namic co-evolution of agricultural production and groundwater conditions for an individual field
supplied by a single abstraction borehole, but so far has yet to consider aquifer dynamics over
larger scales. To incorporate the effects of regional-scale groundwater flow processes, the SPI-
DERR model can be coupled with the regional groundwater model ZOOMQ3D using OpenMI
(Upton et al., 2013). A C# wrapper has been developed to enable linking of SPIDERR and
ZOOMQ3D using OpenMI, but, as discussed in Section 4.2.3, this wrapper does not provide the
capacity to link additional models that have been coded in Matlab. Development of a new model
wrapper that enables all components of the integrated model to be linked along with ZOOMQ3D
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therefore is a priority for broader application of the hydro-economic modelling framework devel-
oped in this thesis. Furthermore, this improvement would also enable future work to incorporate
models of surface water systems and their connection with the groundwater system. This would
be particularly valuable where the integrated model is applied to evaluate the effects of ground-
water pumping on streamflow depletion and the effectiveness of policies to balance the water
demands of irrigated agriculture with the ecological in-stream flow requirements, which are im-
portant management issues in many regions of extensive groundwater-fed irrigation (Konikow
and Kendy, 2005; Kustu et al., 2010; Palazzo and Brozović, 2014).
Analysis of multiple abstraction points
Extension of SPIDERR to consider multiple abstraction boreholes operated by different farmers
will also form a key component of the future development of the groundwater component of
the integrated hydro-economic model. Two potential solutions exist for representing multiples
abstraction boreholes in SPIDERR. First, each borehole may be represented in SPIDERR by
an individual radial model grid, with all radial borehole models nested within a single cartesian
model grid that is coupled to ZOOMQ3D as described previously. Alternatively, multiple versions
of the SPIDERR could be run in parallel to represent each abstraction borehole and its linkage
with ZOOMQ3D at a specific location within the regional system. Testing will be required to
determine the impacts of each of these two methods on model prediction accuracy and compu-
tational performance, given that in agricultural groundwater systems there may be hundreds or
even thousands of individual abstraction points. Irrespective of the methodology used to link
SPIDERR and ZOOMQ3D, each agricultural production field irrigated by an individual borehole
will be represented by a specific instance of the Matlab-AquaCrop and economic models that will
be executed simultaneously at each time step. Importantly, modelling of spatially-distributed
pumping would enable an improved assessment of farmers’ groundwater pumping externalities.
Previous research, which has not modelled well yield explicitly, generally has considered farmers’
groundwater pumping externalities to be a function of changes in water levels and the energy
costs of pumping (Koundouri, 2004). However, in this thesis it has been demonstrated that
changes in well yield, and their impacts on irrigated agriculture, are highly non-linear with re-
ductions in aquifer water levels, suggesting that existing research may have underestimated the
magnitude of groundwater pumping externalities. It is anticipated that the integrated modelling
framework could generate new insights about how farmers’ respond to pumping by other users
and the value of different policies, such as well spacing requirements, for managing common-pool
groundwater resources.
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Consideration of variable recharge rates
As demonstrated in Chapter 4, long-term changes in groundwater levels, well yields, and irri-
gated production are influenced by the rate of aquifer replenishment by recharge. Changes in
irrigation management practices, including the rate and efficiency of irrigation use, in turn will
influence recharge rates through effects on return flows (Perry, 2007; Ward and Pulido-Velazquez,
2008). Dynamic spatial and temporal variations in recharge rates could be evaluated within the
integrated modelling framework by specifying the recharge inflow to SPIDERR according to the
calculated drainage outputs from the base of soil profile in the Matlab-AquaCrop model. Devel-
opment of this additional model linkage would require further evaluation of the validity of the
cascading soil water balance model used in AquaCrop (Raes et al., 2009). Existing studies have
indicated that AquaCrop’s conceptual soil water balance model reproduces reliably average soil
water content and the effects on crop growth (Geerts et al., 2009; Hsiao et al., 2009; Mkhabela
and Bullock, 2012; Mebane et al., 2013; Van Gaelen et al., 2014). However, Gandolfi et al.
(2006) have suggested that conceptual models may under-perform physically-based unsaturated
zone models in terms of the ability to estimate deep drainage fluxes. As AquaCrop has been
recoded in to Matlab, a possible solution could be compare AquaCrop’s conceptual soil water
balance model with a physically-based representation of unsaturated zone water transport based
on Richards’ equation (Richards, 1931). The approach that most accurately simulates dynamic
soil water flow processes (e.g., based on comparison to field observation data) could then be
adopted both within the Matlab-AquaCrop model, and also to simulate recharge processes in
non-irrigated areas when the wider regional groundwater system is considered.
5.2.3 Future model applications
In conjunction with the model developments described above, there is potential to apply the
integrated hydro-economic modelling framework to evaluate a wide range of aspects of the man-
agement of coupled agricultural groundwater systems. Examples of a number of ongoing/planned
model applications are discussed briefly below.
Analysis of groundwater management policies
In this thesis, a simplified set of policy analyses have been conducted to evaluate the long-
term impacts of groundwater abstraction quotas on both agricultural production and aquifer
sustainability. However, as discussed in Section 4.3.4, water use quotas are only one potential
mechanism through which groundwater can be regulated. Future work will seek to apply the
modelling framework developed in this thesis to compare the hydrological and agro-economic
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impacts of water use quotas with a wider range of alternative policies, such as energy quotas
and pricing of water or energy. This comparative analysis will evaluate how the effectiveness
and acceptability of each policy is influenced by a number of important factors that were not
considered explicitly in this thesis. In particular, future work will focus on evaluating how the
impacts of policies designed to maintain well yield differ at the micro-level due heterogeneity in
farmer behaviour and production conditions (Madani and Dinar, 2013; Mulligan et al., 2014),
and how the value of regulations are affected by social costs associated with monitoring and
enforcement (Koundouri, 2004; Blanco-Gutiérrez et al., 2011).
The future analyses proposed above focuses on comparing the impacts of independently
implemented policies. However, in practice, a broader range of regulations may be applied si-
multaneously that may be overlapping and non-complementary. It would be valuable therefore
to evaluate the potential gains and losses that might occur from different portfolios of regulatory
management options. For example, previous research has suggested that energy conservation
policies, such as interruptible energy supply contracts to reduce peak loading, may inadvertently
lead farmers’ to increase groundwater pumping to reduce risks associated with future water inse-
curity (Scott, 2013; Mieno, 2014). However, existing work has not considered how the response
of farmers groundwater use to interruptible energy supply is affected by available well pumping
capacity or the simultaneous presence of regulations that may aim to limit groundwater pumping.
Ongoing research therefore is seeking to apply a refined version of the integrated model developed
in this thesis to help to develop improved understanding about how farmer decision making may
be affected by interactions between energy and water use policies, and what implications this
may have for long-term aquifer sustainability.
Potential of groundwater-fed irrigation in low-yielding aquifers
Well yield may be constrained by reductions in saturated thickness, as has been considered in
this thesis, but may also be restricted by the natural geology of an aquifer. Wells that yield
flow rates of less than 5 L s-1 are common in crystalline basement fractured rock aquifers that
underlie large areas of regions such as Sub-Saharan Africa (MacDonald et al., 2012). However,
expansion of groundwater-fed irrigation often is still cited as a potential solution to problems of
food insecurity and poverty in these regions without consideration of the constraints that may be
imposed by low well productivity (Cassman and Grassini, 2013; Pavelic et al., 2013; Xie et al.,
2014). In future work, it is planned to apply the integrated modelling framework to develop
more realistic estimates of the potential capacity of groundwater-fed irrigation across a range of
settings in Sub-Saharan Africa. Research will consider the effects of geology on well yields, along
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with other important determinants of long-term well performance such as borehole construction,
pump type, and irrigation technology. It is hoped that the results will provide new knowledge
about how groundwater resources can be developed sustainably and reliably in order to enable
farmers’ to adapt successfully to the risks posed by climate variability and change.
Integration with existing management tools
A valuable area for further work would also be to explore how the key findings and approaches
presented in this thesis could be incorporated directly in to existing real-world groundwater man-
agement tools. In the Republican River Basin, for example, a MODFLOW groundwater model
is the primary tool that is used by the regulator to quantify the impacts of irrigation pumping
on groundwater levels and streamflow, and to define allocations of water between users (Vincent,
2003). However, the findings presented in this thesis suggest that the ability of this model to
reliably inform management may be limited as it does not consider how simulated changes in
groundwater levels will affect well yields or how hydrological change is driven by heterogeneity
in individual farmer behaviour across the basin. Future work therefore could seek to adapt the
current model to enable predictions of groundwater depth to be translated in to estimates of well
yields, for example by incorporating multiple SPIDERR models in to the regional MODFLOW
model (Upton et al., 2013) or by developing statistical relationships between saturated thickness
and well yield (Hecox et al., 2002). In turn, the model of farmer decision making proposed in this
thesis could be calibrated to long-term records of individual groundwater pumping in the basin
and linked to the adapted MODFLOW model. These adaptations would enhance the ability
of the current management model to capture key feedbacks between groundwater and producer
behaviour, and would hopefully contribute to improving the regulators ability to predict reliably
the effectiveness of alternative policy options in the basin.
5.3 Concluding remarks
The value of integrated hydro-economic analysis to inform water resources planning has been
widely recognised, with many examples of applications to the management of coupled agricul-
tural groundwater systems. A limitation of previous hydro-economic assessments of groundwater
systems is that models have simplified substantially the representation of farmers’ individual wa-
ter use decision making and the dynamic response of the hydrological system to those decisions.
In this thesis, some of these shortcomings have been addressed by developing a hydro-economic
framework that analyses explicitly the variables that influence irrigation behaviour, such as well
yield and soil moisture, at the spatial and temporal scales that are relevant for understanding
164
trade-offs between agricultural production and groundwater sustainability. Application of the
model to case studies in one of the largest areas of groundwater-fed irrigation in the world,
the High Plains aquifer in the United States, has demonstrated that well yield is an important
constraint on irrigated area and the demand for groundwater. Moreover, it was shown that
consideration of the dynamic feedbacks that occur between well yield and individual producer
behaviour, which are not accounted for in any existing hydro-economic model, is a prerequisite
for evaluating the long-term value of groundwater management options. These findings are of
greatest relevance to those aquifers where well yields are a limiting factor for agricultural produc-
tion, either due to reductions in yields caused by over-exploitation of groundwater, for example
in the U.S. High Plains (McGuire, 2014) or the Indo-Gangetic Plains (Rodell et al., 2009), or
due to the fact that yields are naturally low due to geological characteristics, such as the hard-
rock groundwater systems in Sub-Saharan Africa (MacDonald et al., 2012) and southern India
(Shah et al., 2007). However, given that rapid depletion of groundwater resources is a commonly
observed problem in almost all areas of intensive irrigated agriculture, the results and modelling
approach that are presented in this thesis therefore can be valuable for informing global efforts
to improve management of coupled agricultural groundwater systems. Future work should aim
to expand the focus of the current model, for example to incorporate additional aspects of pro-
ducer decision making, multiple abstraction boreholes, and regional-scale hydrological processes,
to facilitate wider analysis of the management of coupled agricultural groundwater systems. It is
hoped that the insights that are generated will contribute to more resilient and sustainable man-
agement of groundwater-fed irrigation, and will improve the linkages between hydro-economic
research and desired real-world policy outcomes.
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Appendix A
Verification of AquaCrop model
recoding
An extensive range of model simulations have been conducted to verify the recoding of the
AquaCrop model into Matlab (Mathworks Inc., 2013) as detailed in Section 2.2.1. In this ap-
pendix, a selection of these simulations are described to support the conclusion that the recoded
version of AquaCrop (Matlab-AquaCrop) is able to reproduce satisfactorily the calculation pro-
cedures and outputs of the original model code (FAO-AquaCrop).
For the purposes of model comparison, the FAO-AquaCrop (version 4.0) (Raes et al., 2012)
and the Matlab-AquaCrop models are set up using identical parameter sets. Crop parameters
(Tables 2.2), specified for a corn crop, and soil hydraulic properties (Table 2.1), corresponding to
a silty clay loam soil type, are set equal to the values described in Section 2.3.1. These values are
representative of typical irrigated corn production in Moore County in the Texas High Plains,
USA. The initial soil water content at the start of the growing season, assumed to be May 1, is
set equal to field capacity throughout the full depth of the soil profile. Finally, the simulations
assume that no specific field management practices are conducted (e.g., that no evaporation
reducing mulches are left on the field), that no shallow groundwater table exists, and that the
crop is unaffected by soil salinity or fertility stresses.
Both identically parameterised models are run using weather data inputs for the year 2007
(maximum and minimum temperature, precipitation, and reference evapotranspiration computed
using the ASCE Penman-Monteith equation (Allen et al., 2005)) recorded at Amarillo in Texas,
USA, as described in Chapter 2. Data for the year 2007 are used in the model simulations as
total precipitation during the crop growth period (May to October) in 2007 was similar (234
mm) to average growing season precipitation across the full 55 year weather record (288 mm).
Simulations are repeated for three different irrigation strategies to explore the ability of the
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Matlab-AquaCrop model to reproduce the key processes and outputs in the FAO-AquaCrop
under a range of water supply conditions. Specifically, both models are run with irrigation
management practices defined as: (a) no irrigation (rainfed production); (b) 15 mm of irrigation
applied every 7 days (deficit irrigation); and (c) 15 mm of irrigation applied every 3 days (full
irrigation). Figures A.1-A.6 show the outputs of these comparative model simulations in terms
of a range of important agronomic and hydrological variables simulated by AquaCrop.
Crop growth and development in AquaCrop are simulated as a water-driven processes (Ste-
duto et al., 2009). As a result, first of all, it is important to ensure that the recoded model is
able to replicate realistically the simulated soil water balance in the original model. Figure A.1
shows that predictions of the depth of soil water stored within the root zone by both models are
almost identical for all three irrigation management strategies. This indicates that the various
simulated components of the soil water balance (infiltration, drainage, surface runoff, evapora-
tion and transpiration) are being reproduced correctly. For the full irrigation simulation, the
Matlab-AquaCrop model slightly underpredicts root zone water availability towards the end of
the growing season (Figure A.1c). However, the discrepancy between the two model simulations
amounts to a difference in root zone water depth of only 11.2 mm (1.9 % of the total water depth
at that point) and, therefore, does not have significant impacts on other modelled processes as
shown below.
Figure A.2 demonstrates that both models simulate identically the deepening of the crop root
system over time in all three irrigation treatments. Figure A.3 shows that the development of crop
canopy cover over time is also predicted accurately in the Matlab-AquaCrop model, with only
very minor differences in simulated canopy cover size on certain days of the simulation. Indeed,
the Matlab-AquaCrop model is able to reproduce almost perfectly the development of canopy
cover over time under the full irrigation treatment when water availability is not limited (Figure
A.3c). More significantly, for both rainfed production (Figure A.3a) and deficit irrigation (Figure
A.3b) simulations, the Matlab-AquaCrop model is able to capture realistically the reduction
in the rate of canopy expansion in the early part of the growing season. Furthermore, the
Matlab-AquaCrop model also reproduces the subsequent timing and pattern of premature canopy
senescence and early crop growth termination that occurs due to limited water availability and
resultant water stress feedbacks on crop growth.
The accurate simulation of water availability, root depth, and canopy cover development by
the Matlab-AquaCrop model, in turn, results in a realistic reproduction of actual evapotranspi-
ration levels, along with the partitioning of atmospheric evaporative demand into processes of
soil evaporation and crop transpiration that is determined by the size of crop canopy cover on
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Figure A.1: Simulated depth of soil water (mm) stored within the effective crop root zone under
conditions of (a) no irrigation, (b) deficit irrigation, and (c) full irrigation. Results are shown for
simulations using the original FAO-AquaCrop model (solid grey line) and the recoded Matlab-
AquaCrop model (dashed black line)
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Figure A.2: Simulated depth of the effective crop root zone (m) under conditions of (a) no
irrigation, (b) deficit irrigation, and (c) full irrigation. Results are shown for simulations using
the original FAO-AquaCrop model (solid grey line) and the recoded Matlab-AquaCrop model
(dashed black line)
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Figure A.3: Simulated canopy cover size (%) under conditions of (a) no irrigation, (b) deficit
irrigation, and (c) full irrigation. Results are shown for simulations using the original FAO-
AquaCrop model (solid grey line) and the recoded Matlab-AquaCrop model (dashed black line)
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any given day of the growing season. Figures A.4a-c and A.4d-f show that soil evaporation and
crop transpiration patterns, respectively, are both simulated effectively by the Matlab-AquaCrop
model under all three irrigation management treatments. Some discrepancies do occur between
simulated fluxes from the two models but these differences are very small compared to the over-
all hydrological fluxes. For the the three irrigation scenarios, the error in the total simulated
soil evaporation is 0.2 mm (or 0.1 % of total simulated soil evaporation by the FAO-AquaCrop
model) under rainfed conditions, 4.9 mm (1.9 %) under deficit irrigation conditions, and 8.4 mm
(3.4 %) under full irrigation conditions. Similarly, errors in total simulated transpiration are 3.2
mm (2.7 %), 1.1 mm (0.3 %), 4.1 mm (0.7 %) for the same irrigation management simulations.
In AquaCrop, aboveground crop biomass accumulation on each day is modelled as a function
of simulated transpiration and a constant, crop specific water productivity parameter that sum-
marises the production of biomass per unit of transpiration (Steduto et al., 2009). Consequently,
given the accurate simulation of crop transpiration as shown in Figure A.4, simulated biomass
in the Matlab-AquaCrop model very closely follows the pattern of biomass accumulation pre-
dicted by the FAO-AquaCrop model under each irrigation treatment (Figure A.5). In addition,
the Matlab-AquaCrop model is also able to reproduce correctly the increase of the crop harvest
index after the occurrence of peak flowering (July 14) (Figure A.6). The model captures the
slow initial increase of harvest index (lag phase) followed by the linear increase in harvest index
a few days after the end of flowering as described in the FAO-AquaCrop model documentation
(Raes et al., 2012). Furthermore, the Matlab-AquaCrop model correctly simulates the failure
of harvest index to reach its maximum value (approximately 48 %) under rainfed production
conditions (Figure A.6a) due to the early termination of crop growth as a result of water stress
effects.
Finally, AquaCrop calculates crop yield as the product of biomass production and the crop
harvest index (Steduto et al., 2009). As expected given the close agreement between simulated
biomass and harvest index by the two models, predictions of final crop yield from the Matlab-
AquaCrop model and the FAO-AquaCrop models are almost identical. In the FAO-AquaCrop
model final crop yield is equal to 0.13 tonne ha-1, 8.76 tonne ha-1, and 13.60 tonne ha-1 for
the rainfed, deficit irrigation, and full irrigation simulations respectively. Contrastingly, the
corresponding final crop yield values given by the Matlab-AquaCrop model are 0.13 tonne ha-1,
8.69 tonne ha-1, 13.57 tonne ha-1. Errors in final simulated crop yield, therefore, are negligble,
equalling 0 tonne ha-1 (0 %), 0.07 tonne ha-1 (0.8 %), and 0.03 tonne ha-1 (0.2 %) for the three
different simulated irrigation management scenarios.
The results shown in Figures A.1-A.6, and described above, demonstrate clearly that the
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Figure A.4: Simulated soil evaporation (mm day-1) and crop transpiration (mm day-1) under
conditions of (a,d) no irrigation, (b,e) deficit irrigation, and (c,f) full irrigation. Results are
shown for simulations using the original FAO-AquaCrop model (solid grey line) and the recoded
Matlab-AquaCrop model (dashed black line)
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Figure A.5: Simulated biomass production (tonne ha-1) under conditions of (a) no irrigation,
(b) deficit irrigation, and (c) full irrigation. Results are shown for simulations using the original
FAO-AquaCrop model (solid grey line) and the recoded Matlab-AquaCrop model (dashed black
line)
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Figure A.6: Simulated harvest index (%) under conditions of (a) no irrigation, (b) deficit irriga-
tion, and (c) full irrigation. Results are shown for simulations using the original FAO-AquaCrop
model (solid grey line) and the recoded Matlab-AquaCrop model (dashed black line)
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recoding of AquaCrop was successful. However, these results also indicate that some minor
differences do still exist between outputs from the recoded and original model versions. A
number of reasons may exist to explain the inability to achieve a perfect reproduction of the
original model outputs. For example, the FAO-AquaCrop model limits the discretisation of
the soil profile to a maximum of 12 soil compartments. In scenarios where the maximum crop
rooting depth is greater than 1.2 m, as is the case in the simulations above where a maximum
effective rooting depth depth of 1.6 m is specified, the size of the soil compartments is forced
to increase exponentially with depth in order to cover the full depth of the potential root zone.
Contrastingly, no limit on the total number of soil compartments is specified in the coding of
the Matlab-AquaCrop model (16 compartments were considered with a uniform thickness of 0.1
m) to remove the need to increase compartment size with depth and enable finer discretisation
of the soil profile. This difference in implementation may lead to divergence in the predictions
of soil water fluxes that, in turn, may result in small variations in simulated soil water content
distribution and the magnitude of water stress effects on crop growth processes. Alternatively,
differences in simulated model outputs may simply be the result of the specific approach used to
implement the AquaCrop model code in Matlab. The AquaCrop model source code has not been
made available publicly and, as a result, model recoding was a time consuming and challenging
exercise that was conducted based solely on the equations and calculation procedures reported
in the model documentation (Raes et al., 2012) and associated publications (Hsiao et al., 2009;
Raes et al., 2009; Steduto et al., 2009). If, in the future, the original model source code is made
freely available it may be possible to further refine the coding of the Matlab-AquaCrop model.
Nevertheless, the remaining differences in model predictions have been shown to have a minor
impact on model performance in terms of the simulation of both hydrological and agronomic
processes and, consequently, the recoded Matlab-AquaCrop model can be viewed as a robust
tool for use in subsequent model analyses.
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